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a b s t r a c t

Power grid operations increasingly interact with environmental systems and human systems such as
transportation, agriculture, the economy, and financial markets. Our objective is to discuss the modelling
gaps and opportunities to advance the science for multisector adaptation and tradeoffs. We focus on
power system operational models, which typically represent key physical and economic aspects of grid
operations over days to a year and assume a fixed power grid infrastructure. Due to computational
burden, models are typically customized to reflect regional resource opportunities, data availability, and
applications of interest. We conceptualize power system operational models with four core processes:
physical grid assets (generation, transmission, loads, and storage), model objectives and purpose, in-
stitutions and decision agents, and performance metrics. We taxonomize the representations of these
core processes based on a review of 23 existing models. Using science questions around grid and short
term uncertainties, long term global change, and multisectoral technological innovation as examples, we
report on tradeoffs in process fidelity and tractability that have been adopted by the research community
to represent multisectoral interactions in power system operational models. Our recommendations for
research directions are model-agnostic, focusing on core processes, their interactions with other human
systems, and consider computational tradeoffs.
© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The electricity sector is undergoing a technological and insti-
tutional transformation: deep penetration of variable renewable
energy (VRE); widespread adoption of energy storage (ES) tech-
nologies, electric vehicles (EVs), and distributed generation (DGs)
resources; potential future regulatory and institutional changes like
a carbon tax; increased participation in demand-side management
programs; and re-design and geographical alignment of electricity
markets [1]. This transformation is influenced by other human
systems [2], such as water systems [3e5], which have been un-
dergoing their own transformation influenced by an ongoing water
crisis due to growing demands and increasing competition
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between water uses. The authors in [6] developed the socio-
hydrology concept to characterize this water crisis and direct
research in transformation, while [7] defined water as a master
variable for the transformation of other sectors of activities (e.g.,
agriculture and energy). In view of those dependencies, recent
power grid studies have explored the interactions with other non-
power sectors, typically in more quantitative ways with water
[8e12]. Understanding how changes in water systems, technolo-
gies, transportation, communication, governance, and markets will
affect power systems in the future, and how the impacts could
cascade across sectors, represents an outstanding research chal-
lenge. To meet this challenge, the research and modeling commu-
nity must develop best practices for linking new and/or existing
operational models of power systems within larger, integrated,
multisector modeling frameworks such as those developed by
[13,14]. However, relatively little formal guidance exists for opera-
tional model selection and/or development within the specific
context of multisector modeling.
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Fig. 1. Illustration of application versus temporal resolution and temporal horizon.
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Operational models are one of three general classes of power
systemmodels categorized based on their scope, spatial resolution,
and end use application (Fig. 1):

� Dynamic models, i.e., “power flow” or “stability” models;
� Planning models, i.e., “capacity expansion” models;
� Operational models, i.e., “unit commitment/economic dispatch”
(UC/ED) models.

Dynamic models perform detailed steady state load flow and
dynamic power flow simulations over short time periods
(~30 se1 min), and are used primarily to examine cascading outage
events and/or the ability of existing systems to recover from a
disruption [15]. Long-term planning models optimize capital in-
vestment in power system infrastructure and are typically used in
global integrated assessments and integrated resource planning
[9,14,16e21]. These models are not intended to simulate time-
resolved system behavior over long continuous periods and typi-
cally rely on snapshots representing different conditions in the
simulation period and focus on a dynamic infrastructure. Opera-
tional models are used to provide the spatiotemporal specificity of
how a bulk power system might be operated. Operational models
act on time scales that bridge the temporal resolution of dynamic
models and planning models. Similar to dynamic models, opera-
tional models assume a fixed topology of generation and trans-
mission assets and simulate the performance of the modeled
system using locational time series of hourly or sub-hourly elec-
tricity demand and VRE production. Compared to planning models,
operational models provide higher-resolution understanding of
system dynamics and overall performance (includingmarket prices
and vulnerabilities to extreme events).

Each type of model is used for grid studies-oriented science
questions associated with specific grid management or investment
decision-making. Research evaluating long-term planning models
and how the representation of other sectors influences the energy
1 Fidelity is the degree to which an operational model reproduces the state and
behavior of a real-world power system (e.g., time resolution, network detail,
geographic scope, characterization of uncertainty) in a measurable or perceivable
manner.

2 Tractability refers to the computational complexity and time required for an
operational model to solve an operational problem.

2

sector is emerging [22e24], but little guidance exists about
modeling choices for fidelity1 and tractability2 [25,26] for opera-
tional power system models. For example, the authors in [27]
reviewed over 75 operational power system models in their ability
to evaluate the integration of renewables; the authors in [28]
reviewed representations of vehicle electrification; the authors in
[29] reviewed 7 proprietary models and their responses to market
structures; the authors in [30] reviewed 5 planning power system
models in their ability to account for inter-temporal constraints
associated to the introduction of variable renewable sources. Those
review approaches mainly focus on either comparing individual
power grid models or how these models treat an individual grid
element (e.g., renewables, electric vehicles, energy storage). There
is no model-agnostic characterization and systematic overview of
the process representations in operational power systemmodeling
to identify multisectoral modeling gaps and understand how the
potential vulnerabilities to other interdependent sectors (water,
transportation, agriculture, markets, etc.) may influence the oper-
ations of the grid.

In this paper, we aim to guide the choice of operational power
system modeling representations on par with the science ques-
tions, availability of data, computational needs, and overall regional
applications. Our intention is for this paper to be used as a general
blueprint for future development of both stand-alone and inte-
grated open-source operational grid models and overall guidance
for documentation and evaluation by the multisector modeling and
research community. A model-agnostic approach is necessary to
achieve this objective for our technical recommendations to extend
beyond currently available models and beyond incremental
changes. More specifically, a model agnostic approach helps the
broader research community better understand the synthesis of
the core process representations of power grid operational models
and how these modeling representations are typically combined to
answer specific science questions in the multisectoral space.
Through assessing these modeling combinations, we increase
awareness of tradeoffs in process fidelity and tractability to repre-
sent multisectoral interactions and provide reproducible modeling
guidelines that last in time and are not attached to individual
models’ capabilities. To this end, we first reviewed 23 existing and
representative open-source and commercial operational models to
synthesize a process-based (e.g. model agnostic) taxonomy of po-
wer system operational models (Section 2). In Section 3, we



Fig. 2. Technical approach: as a first step a taxonomy of core processes is established
(Section 2), supporting Step 2 which is a review of technical choices for the repre-
sentation of the core processes by science question (Section 3). Steps 1 and 2 provide
guidance to practitioners on how to set up a model to address specific questions. As a
third step (Section 4), we present insights on future research directions and devel-
opment needs that are at the frontiers of the field and focus on multisector dynamics
science questions.

Fig. 3. Operational models are conceptualized with four core processes: (1) physical
grid assets; (2) optimization; (3) institution and agents; (4) performance metrics.
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introduce three representative examples of grid-centric science
questions involving multisectoral interactions and leverage the
model agnostic taxonomy to report on computational tradeoffs in
the choice of core process representations. Based on the identified
state-of-the-art model configuration associated with the science
questions identified in Section 3, we present insights in Section 4
on future research directions and development needs that are at
the frontiers of the field and focus on multisector dynamics science
questions. The anticipated benefits of this analytics are for: a)
practitioners to evaluate models adequate for their science ques-
tions and to communicate with software developers for model
enhancement rather than fitting the science question to what the
model can do, b) operational power system model developers to
reflect on emerging needs from the research and operational
community, c) a broad scientific community who is starting to
develop new integrated modeling platforms where power grid
dynamics are one component among other sectors of activities and
need guidance on existing representations based on science ques-
tions, computational tradeoffs, regional application and data
availability. Fig. 2 displays the organizational flow chart of our
paper.

2. Taxonomy of existing modeling representations

We conceptualize power system operational models with four
core processes that are critical for capturing interactions between
the power system and other systems: (1) physical grid assets
(transmission, generation resources, loads); (2) model objectives
and purpose that coordinate and manage the operations of the
physical grid assets according to certain rules and policies; (3) in-
stitutions and decision agents that decide on the rules and policies;
and (4) performance metrics that measure the performance of the
overall coordination of individual physical assets in following rules
and policies. Fig. 3 provides the organization of the taxonomy as we
define the core processes of power grid operational models and
their connections that drive some of the combinations that will be
described in Section 3. Table 1 below presents an overview of the
3

taxonomy which consists of the core processes as well as of the
different modeling representations and sub-representations iden-
tified after reviewing 23 power grid operational models. In addi-
tion, Table 1 shows the total number of the reviewed models
associated with these core processes and modeling representations
to give an idea of how common or uncommon the representations
are. Since our review approach is model agnostic, we intentionally
avoided to include the names of the reviewed models in the paper
and Table 1. The names of the reviewed models and the taxonomy
of their core process representations are provided in the supple-
mentary information (Table S1). Each element of the table is briefly
described below to support the analytics in Section 3 and 4. A more
complete taxonomy description is provided as supplemental in-
formation (SI).

2.1. Optimization

Power system operational models often belong to a family of
mathematical optimization problems, and most of their core deci-
sion variables control the commitment status (i.e., on/off) and
dispatch (i.e., amount of generation) of generators. These are sub-
ject to unit-specific constraints (e.g., maximum capacity, minimum
up and down times, ramping limits) and system-wide constraints
(e.g., meeting demand for electricity and ancillary services, trans-
mission line limits, etc.).

2.1.1. Objective functions
Common objective functions include: (1) minimize total power

system operating costs; (2) maximize profits from energy produc-
tion (3) maximize the uptake of renewable or zero-carbon energy
(and other, non-monetary objectives), as explored in more detail in
SI.

2.1.2. Optimization time step and horizon
Operational models generally employ an hourly time step and

optimization horizons that typically span from one day (24 h) to a
year (8760 h). Some operational models also offer intra-hourly
simulations, ranging from 5 min to half an hour [31], albeit



Table 1
Taxonomy of core processes.

Core Process Modeling Representations Modeling Sub-Representations Number of
Models (out
of 23)

Physical Grid Assets Spatial
Granularity

Zonal 12
Nodal 11a

Transmission
Line
Constraints

ACb- Urban Scale 3
DCc - BPSd Scale DC Approximation 12

Pipe Flow 10
Generation
Resources

Thermal Baseload, Intermediate, Peaking 23
Hydro Exogeneous power unit commitment informed

by a water model
6

Power unit commitment based on exogeneous
inputs of monthly hydropower potential

9

Hybrid water model and power unit
commitment model

3

Exogeneous input - Fixed hourly schedule 5
Variable Renewable Energy Resources Exogeneous input, must-Take 19
Distributed Generation resources Exogeneous input, must-Take 13

Load and
Energy Storage
Resources

Plugged-in Electric Vehicles Exogeneous input, must serve or deferrable
loads

11

Interruptible Loads Exogeneous input, can be curtailed as needed 11
Energy storage: pumped hydro storage, compressed air energy
storage, concentrating solar power storage, electrochemical
batteries, flywheels

Exogeneous input, given schedule 8
Peak Shaving 9
Price Driven 19

Optimization Objective Function Maximize Profits 3
Minimize Operating Cost 18
Other 2

Temporal Resolution Hourly 12
Sub-hourly 11e

Optimization Horizon Day, week 4
Year 19

Uncertainties Stochastic 8f

Deterministic 15
Institutions and Decision Agents Market operators (electric utilities, load service entities,

electricity traders)
Day-Ahead (DA) market 14
Real-Time (RT) market 9g

Reliability coordinators (e.g., WECC, generation and transmission
planners)

14

Regulators (e.g., state energy offices, public utilities
commissions, FERC)

2

Performance Metrics Market and System Metrics Hourly dispatch of generating resources 23
Production cost of the bulk power system 21
Locational marginal prices 17
Power flows on transmission lines, transmission
losses, congestion cost of limiting lines, and
voltage angles

21

Electricity producers' payments and costs 21
Reliability Metrics Emissions and emission costs 13

Wind/solar/hydro spillage 21
Energy not served 7
Energy not served cost 7
Loss of Load Expectation 6
Loss of Load Probability 7

Flexibility Metrics Reserve inadequacy 1
Unused hydro reservoir capacity 1
Residual ramping capability 1

a Nodal operational models can also perform zonal simulations.
b Alternating current.
c Direct current.
d Bulk power system.
e Models that perform sub-hourly simulations can also perform hourly simulations.
f Stochastic operational models can also perform deterministic simulations.
g RT operational models can also perform DA simulations.
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typically using shorter scheduling horizons (e.g., a day or week).
2.1.3. System uncertainties
Operational models generally take one of two approaches for

incorporating uncertainty into the optimization procedure: deter-
ministic or stochastic. In deterministic operational models, grid
participants are assumed to have perfect foresight with respect to
changing values of electricity demand or electricity prices and VRE
production. Uncertainty in these processes and their associated
4

effects can be explored using Monte Carlo analysis, but it is not
explicitly part of the underlying optimization [32]. In stochastic
operational models, a two-stage optimization approach is usually
considered [33] which is further explained in the SI. In the case of
operational models with explicit representation of hydroelectric
dams, stochastic dynamic programming (SDP) or stochastic dual
dynamic programming (SDDP) methods can be used to integrate
uncertain parameters (e.g., streamflow) into the optimization pro-
cess [34], as discussed in Section 3.
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2.2. Institutions and decision agents

Decision agents add contextual nuance to the design and use of
power system operational models and influence themodel purpose
and metrics. Relevant grid participants that may need to be
explicitly represented in operational models include system oper-
ators, also referred to as independent system operators (ISOs) or
regional transmission organizations (Bartos and Chester), power
utilities, and independent power producers (IPPs). For more infor-
mation please see SI.

2.3. Performance metrics

Performance metrics are the key outputs of operational models
and can be categorized as (1) market and system; (2) reliability; (3)
and flexibility metrics (Table 1). They reflect physical assets’ indi-
vidual and collective contributions to grid operations, exogenous
forcings acting on the grid, and the relevant institutions involved. In
terms of multisector modeling, these metrics represent the most
direct way to measure the potential for power system dynamics to
spill-over and affect outcomes in other sectors, and vice versa. The
ability of the model to represent metrics associated with other
sectors also reflects its multisector fidelity and relevance for co-
management.

2.4. Representation of physical grid assets

Physical grid assets represent the actual bulk power system
managed by the optimization under guidance from the agents.
They include generating units, electricity demand locations and the
lines to transport electrons to the demand centers.

2.4.1. Spatial granularity (zonal vs nodal)
Operational models can represent electricity networks with

different levels of granularity, typically either nodal or zonal. A
nodal representation represents the physical structure of the
electricity network, including the location of all substations and
transmission lines that connect them. This level of modeling detail
requires substantially input data, which may be challenging to
collect and involve longer computation times. Zonal representation
simplifies electricity networks by aggregating multiple demand
nodes into larger zones and, similarly, grouping transmission lines
between zones into equivalent inter-zonal links. Intra-zonal lines
(and transmission congestion) are often omitted from consider-
ation [35].

2.4.2. Transmission line representation (AC, DC, and “pipe flow”)
The flow of power through transmission lines is influenced by

each line's characteristics (i.e., capacity) and the physics of elec-
tricity flow [36]. The three commonly used power flow models are
the alternating current (AC) power flow, direct current (DC) power
flow, and “pipe flow”models. The power flow constraints of the DC
power flow model are a linearized version of the constraints of the
non-linear AC power flow model. The DC approach is less compu-
tationally intensive and is widely used by many commercial oper-
ational models that simulate the economic operation of large-scale
bulk power systems. However, it only considers active power flows
and assumes perfect voltage support and reactive power manage-
ment. An even simpler approach is the pipe flow model, which
limits power flows only by transmission line capacity and
completely neglects network losses.

The impact of transmission line constraints is particularly
important in operational models where the accurate modeling of
power lines’ congestion and losses is essential to capture system
outcomes (e.g., price dynamics) [37].
5

2.4.3. Generation resources
Operational models consider a wide variety of generation re-

sources that can be broadly categorized as thermal (nuclear, coal,
natural gas, geothermal), hydroelectric, and VRE (wind, solar
photovoltaic) generating units.
2.4.3.1. Thermal units. Thermal generating units convert thermal
energy released from the combustion of fossil fuels (e.g., coal or
natural gas), from nuclear fission reactions, or geothermal heat
input to electricity using steam or combustion turbines [38]. The
unit commitment of thermal units is typically endogenous to the
power system model, meaning that these units are treated as
“dispatchable” resources (i.e., their power output can be adjusted
or turned on/off at the request of ISOs/RTOs or IPPs) according to
market and/or reliability needs.
2.4.3.2. Hydropower. Hydroelectric generating units convert hy-
draulic power (gravitational potential energy of flowing water) into
electrical energy. Conventional hydropower production is limited
by water availability and multi-objective water management pri-
orities such as flood control, water supply, environmental flows,
navigation, and recreation. Because of the link towater systems, we
observed diversity in representations which we synthetized into
four categories: 1) an exogeneous water model optimizes the hy-
dropower unit commitment with explicit consideration of
watershed-scale river dynamics, multi-scale river services and
objectives; 2) an endogenous power unit commitment based on
input of monthly hydropower potential and a limited representa-
tion of water constraints at individual generators; 3) a hybrid water
model and power unit commitment model where weekly to daily
hydropower potentials are optimized by awater model and daily to
hourly is optimized by the power system model; 4) an exogeneous
hourly hydropower schedule also referred as fixed hydropower
schedule. In the cases of power model endogenous unit commit-
ment of hydropower (second and third), the hourly schedule is
optimized according to the power systemneeds in one of twoways:
hydrothermal coordination (HTC) and proportional load following
(PLF). Please see SI for more information on the four categories.
2.4.3.3. Wind and solar. Solar and wind generating units are the
most common VRE resources found in operational models.
Distributed generation resources (DGs) include behind-the-meter
renewable generators (small-scale solar or wind generators). DG
and VRE generation output is uncertain, meaning they have a var-
iable profile controlled largely by meteorological conditions. As a
result, operational models treat solar and wind generators as non-
dispatchable sources of zero variable costs, but both can be cur-
tailed if necessary, while DGs will get subtracted to the regional
load. VREs and DGs generation data (either deterministic or fore-
casted) are typically imported as hourly inputs into operational
models.
2.4.4. Energy storage
Energy storage (ES) technologies include -but are not limited to-

(1) pumped hydroelectric storage, (2) compressed air energy stor-
age, (3) concentrating solar power storage, and (4) electrochemical
batteries. ES technologies are represented as separate generating
and charging units that interact with a state of charge inter-
temporal constraint including electric losses and roundtrip effi-
ciency [39,40]. The management of this stored potential can have
several distinct representations in operational models [41], that can
also be subject to look-ahead energy management decisions [42]:
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1. Fixed schedule: Time series of charge (load) and discharge
(generation) profiles are pre-specified by the user and input to
operational models.

2. Peak-shaving: Charge and discharge schedules are optimally
allocated via the core optimization processes to flatten a given
daily or weekly load profile subject to storage constraints.

3. Price-driven: Charge and discharge schedules are optimally
allocated to respond to market prices subject to the storage
technology specification constraints.
2.4.5. Demand for electricity and ancillary services

2.4.5.1. Electricity demand. Electricity demand has traditionally
been treated as a time-varying (usually hourly or sub-hourly)
exogenous input. Grid participants use a variety of methods to
forecast short-, medium- and long-term electricity demand pat-
terns, including regression and time-series models, neural net-
works, statistical learning algorithms, fuzzy logic, and expert
systems [43].

Increasingly, however, electricity demand is becoming more
flexible (i.e., able to be reduced temporarily to address physical
and/or economic contingencies)da resource referred to as demand
response or flexible loads [44e49]. Capturing operator control or
incentivization to harness this flexibility is important in operational
models (please see SI for a more comprehensive discussion). Ex-
amples include but are not limited to: 1) building demand
response; 2) electrical vehicle (EV) charging; 3) fuel production
loads. For more information please see SI.
2.4.5.2. Reserve requirements. Reserve requirements are commonly
treated as exogenous inputs based on the “N-1” security criterion.
To comply with the N-1 criterion, adequate generation capacity in
the form of ancillary services needs to be available throughout the
system to prevent loss of load when the single largest generation
unit or transmission line is unexpectedly disconnected from the
power grid [50]. In practice, reserve requirements are computed as
a percentage of the total forecasted electricity demand aggregated
on a regional (balancing authority [BA]) or power system level [51].

The process-based taxonomy of individual core process repre-
sentations presented above is used in the next section to discuss
their observed combinations and associated modeling choice
tradeoffs to address grid-centric science questions.
Fig. 4. Summary of key modeling representa
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3. Observed computational tradeoffs by science question

The diversity in existing models reflects the range of science
questions and tradeoffs in data availability and computational re-
sources that each developer faced. To illustrate the modeling
tradeoffs of core process representations, we use three typical po-
wer system science questions: (1) operating under hydrometeo-
rological variability; (2) exploring opportunities and vulnerabilities
under global change; and (3) evaluating the adoption of new
technologies (Fig. 4). The three examples are representative, not
exhaustive. They also have a multisector component for the specific
purpose of our review. Please note that this section neither intends
to choose an individual operational model nor to synthesize the
optimal combination mix of core process representations to best
answer a particular science question. Instead, we report the most
common combinations and related modeling tradeoffs of core
process representations when operational models are utilized to
study the science questions.

3.1. Impacts of hydrometeorological variability

Hydrometeorological variability (e.g., interannual, seasonal,
weekly, and hourly fluctuations in weather and hydrology),
including infrequent extreme events, is known to affect the oper-
ations of bulk power systems [52e58]. For example, drought
compromises hydropower operations [59e61] and can affect
thermal power plants operations that depend on cooling water
[9,62]. VRE production is sensitive to fluctuations in wind speeds
and solar irradiance [52,57], representing a growing challenge as
power systems increase their reliance on these resources [63,64].
Air temperatures (which influence heating and cooling demands)
are the primary driver of day-to-day and seasonal changes in
electricity demand [54]. By influencing both supply and demand for
electricity, hydrometeorological processes can directly affect GHG
emissions [52,61,65], wholesale electricity prices [52,66,67], and
costs for power utilities and consumers [55,66,68,69]. Deeper un-
derstanding of the effects of hydrometeorological variability on
power system operations can help inform operational decision-
making and related agents.

The effects of hydrometeorological uncertainty on power sys-
tem operations have been explored either by subjecting a deter-
ministic operational model to an ensemble of exogenous weather-
based stressors [10,32,55,70] or by embedding stochastic
tions and tradeoffs per science question.
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representations of generation and load within the optimization
itself [71,72] (Fig. 4). The key core process that stands out to address
hydrometeorological variability is optimization (Fig. 4). The trade-
offs in associating other core process representations with each of
these two optimization approaches are as follows:

1. Deterministic e The representation of hydrometeorological
uncertainty with a deterministic optimization process typically
requires a coupling with a stochastic representation of hydro-
meteorological processes, with either process-based or statis-
tical models to translate weather and streamflow data into
relevant power system inputs. Fifteen of the models considered,
though deterministic, can support such uncertain parameters.
For example, during periods of low hydropower production and/
or low VRE is likely, the UC/ED algorithm operates according to
the same, static decision rules and constraints that represent
system operations during other periods.

2. Stochastic e Eight of the models considered directly embed
hydrometeorological uncertainty into the optimization process
to improve grid operational decisions. These can be further
broken down by the horizon of the optimization and the
objective function:
a. Short-term decision support for grid stability and reliability:

three of the eight models use two-stage dispatch optimiza-
tion to mitigate generation mismatches (forecast error) be-
tween day-ahead and real-time markets, with a focus on
short-term (within week) uncertainties related to weather-
dependent load and renewable generating units. To reduce
the computational time, all three models use a zonal network
representation, a DC power flow model to approximate po-
wer flow constraints and simulate hydropower resources
using a monthly representation (i.e., fixed, HTC, PLF) of input
parameters.

b. Medium-to long-term decision support: The remaining five
of eight models are designed to optimally schedule hydro-
power production. More specifically, three of five models
minimize the total operating cost of a bulk power system
considering both hydro and thermal generation resources
under hydrometeorological uncertainties; the other two
models maximize the profits of a hydro and thermal gener-
ation portfolio, considering not only hydrometeorological
uncertainties but also uncertainties related to market prices
for electricity. In these models, the optimization problem is
usually solved for longer scheduling horizons (month, year,
multiple years) under hydrometeorological uncertainty [73].
To reduce computational time, all five models adopt a zonal
representation, while a pipe flow or DC power flow approx-
imation model is used to represent the power flow in trans-
mission lines. To deal with uncertain hydrometeorological
and price parameters, the models use applications of SDP and
SDDP. These techniques first calculate the optimal schedules
for hydropower resources in the form of expected marginal
water values for each plant, given the water streamflow un-
certainties in different time steps (e.g., weeks). The optimal
operational decisions for the hydro and thermal resources are
then made based on the marginal cost values of water [74].

The deterministic optimization considers perfect forecast of the
uncertain parameters and it likely underrepresents the ability of
system operators to avoid adverse outcomes. On the other hand, it
tends to be less computationally burdensome than the stochastic
optimization, and thus facilitates analysis of system performance
over a wider range of possible hydrometeorological states,
including rare yet plausible events outside recorded observations.
Furthermore, stochastic optimization models depend largely on
7

forecasting methods that require high quality historical data (e.g.,
multiple years of time series streamflow data, electricity demand
data, VRE production data, electricity price data) to synthesize the
uncertain forecast scenarios. If there are limited or poor-quality
data to appropriately train forecasting algorithms and ensure
forecast accuracy, then stochastic models would fail to guarantee
the quality of the obtained solutions.

3.2. Sensitivity to long-term global changes

Key drivers of long-term (trends) global changes that subse-
quently affect power systems operation include but are not limited
to (1) population growth and migration; (2) evolution of irrigation
and transportation sectors; (3) evolution of gas infrastructure and
markets; (4) climate change; and (5) extreme weather events. The
effect of global change in other sectors typically influences opera-
tional power system models through the change in infrastructure
and the changes in load and generation resources via exogeneous
input data sets, e.g. no dynamic interactions. Global change can also
propagate through endogenous processes e but as we note below,
this dynamic is presently limited to hydropower.

We observe an overall consensus in operational models to use
cost optimization to evaluate the impacts of global change on the
operations [20,75e77], despite potential inconsistency with the
long term planning model objective [78]. Population, agriculture,
transportation, climate change, and extreme weather events tend
to be addressed individually or in combination and are associated
with changes in load profiles, magnitudes, and spatial distributions
of demand [8,79e85]. Those impacts on demand are typically
represented as exogenous processes, i.e. updated time series of load
which inform operational models. We noted three open-source
operational models that can endogenously yet simply model
other energy systems such as natural gas, heating, and transport,
and coordinate their operation with power systems operations to
supply the corresponding loads (e.g., electricity, heat, and gas) at
minimum cost [86]. Impacts of climate change and extreme
weather events on thermo-electric power plants have typically
been represented exogenously as well, providing operational
models with updated parameterization of thermo-electric capacity
[9,87e90]. Data availability to validate time series of those plant-
specific capacity derating is extremely limited.

Climate change also alters the timing and amounts of hydro-
power available due to shifts in seasonal streamflow dynamics and
more frequent/severe droughts and floods, competing water de-
mands, and changes in water quality [91]. Understanding the ef-
fects of long-term environmental change on hydropower
operations is highly intertwined with multi-objective management
of river systems for water supply, ecosystem services, and flood
control. Below, we review how the first three categories of hydro-
power representations (all but fixed schedule) in our taxonomy can
capture the impact of climate change on power systems through
hydropower. We acknowledge that additional modeling represen-
tations of hydropower resources exist in environmental system
models [92e100]. However, they differ from those in power grid
operational models as environmental studies have different science
questions. We limit our discussion below to the representations
noted in our taxonomy, which reflect the hydropower representa-
tion in use in grid operational models. This gap in the representa-
tion of hydropower with environmental studies is however
discussed in Section 4.

1. Unit commitment based on monthly hydropower potential - Of
the 23 reviewed operational models, nine use a monthly hy-
dropower generation potential along with HTC or PLF and
minimum/maximum generation capacity inputs to guide the
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optimization of the hourly schedules. This representation can
capture seasonal changes inwater volumes but does not capture
potential changes in water management. However, it allows
decision agents (e.g., ISOs/RTOs, reliability coordinators) to run
deterministic simulations for long scheduling horizons (typi-
cally one year with hourly resolution) using a detailed nodal
representation of the power network (thousands of nodes) and
a DC power flow approximation to inform reliability studies.

2. Hybrid water and power systems models - Three of the 23
models use an HTC and/or PLF representation and weekly to
daily energy potential provided by a water model for repre-
senting hydropower operations. This representation can capture
changes in hydrologic regimes and water management rules
and respond to changes in the power grid at the weekly to daily
time scales. The inclusion of finer temporal resolutions adds to
the complexity of obtaining computationally tractable solutions.
This complexity is counterbalanced by using less detailed rep-
resentations for modeling power network (i.e., zonal) and
transmission line constraints (i.e., pipe flow).

3. Water model exogenous unit commitment - Of the 23 opera-
tional models, six are coupled with a river-routing reservoir
model which computes the scheduling decisions of hydropower
generation to maximize the individual asset revenues. This
representation can capture changes in hydrologic regimes and
water management rules and respond to price changes in the
power grid. This hydropower representation has the highest
computational burden of all three representations thus the
models use a zonal network representation within a confined
geographic region (e.g., power utility footprint) that consists of a
limited number of individual hydropower plants. Of these six
models, four include a dual-optimization scheme, which further
increases the computation burden despite the limited domain.
Modeling simplifications include a zonal network representa-
tion (in some cases a single node), a pipe flow model for
modeling transmission lines, and a weekly time resolution. In
addition, appropriate optimization formulation methods are
used (typically SDP or SDDP) to overcome, to some extent, time-
consumption issues.

Overall, as summarized in Fig. 4, global change research in
operational models stands out as limited to impact assessment
studies because the fidelity and tractability of core process and the
interactions between core processes are maintained (exogenous
inputs) despite a change in the number of physical assets. Despite
no change in core process representation, we noted two hydro-
power representations with an explicit water management and
river-routing process which allow to explore evolving dynamics
between power operations and water systems, albeit at the cost of
lower resolution in power system dynamics or limited domain.
Beside the computational tradeoff associated with science question
and regional characteristics [100], also identified data availability as
a roadblock to representing and validating hydropower consis-
tently in both operational grid and water models.

This overall maintained fidelity in the representation of core
processes and their interactions is the main distinction in compu-
tational tradeoff with the next section.

3.3. Evaluating adoption of new technologies

The decarbonization of the power grid entails the diversification
of technologies, including but not limited to rising shares of
distributed energy resources (DERs), including flexible loads, DG
and ES resources. Some of these technologies strengthen the
coupling of the power system with other resource sectors such as
water resources, transportation, and agriculture, creating a need for
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core processes that can modify their operation to address changing
underlying conditions.

A key component of this science question is evaluating power
systems’ ability to respond to relatively short-term operational and
economic variabilities and uncertainties that are likely to stress the
system or affect costs [101], i.e., operational flexibility, when either
constrained or enhanced by stronger coupling with non-power
sectors. The approach to addressing this science question con-
trasts with our observation of approaches to addressing global
change. Operational models typically require modification of the
core processes to accommodate the new technologies that can also
be linked to non-power sectors. This modification is mainly related
to the ability of physical assets to deviate from their existing
operational state (generation, load, or transmission features).

Operational flexibility in power systems has traditionally been
represented by dispatching load, ES, and generation resources
whose sole purpose is to serve the power system, but operational
flexibility can also be obtained by coordinating the operation of
multisector systems. Relatively few studies have investigated the
impacts of traditionally non-power sector technology adoption on
grid operations and the need for flexibility. For example, water
irrigation systems can shift the electric consumption of the water
pumps to periods of low energy prices and/or to periods of high
solar power generation [19,102e104]. Similarly, EVs can manage
their charging strategies to align with periods that are most effi-
cient for the power grid from an economic and reliability stand-
point [46]. In these studies, the operational flexibility was
measured by developing appropriate flexibility metrics [46] or by
measuring the energy consumption savings of the co-optimized
and non-optimized cases [19].

We summarize below (and more succinctly in Fig. 4) how
operational flexibility is represented in core processes, specifically
with respect to generation and load resources (i.e., their ability to
rapidly dispatch their capacity), and optimization processes (e.g.
the spatial and temporal resolution to accommodate the flexibility
in physical assets).

1. Thermal generation resources - All 23 operational models can
model thermal generation resources, where the dispatch de-
cisions are based on each unit's cost function and technical
characteristics. However, six models (mainly commercial
models) can also impose flexibility penalties on units with slow
ramping rates and long minimum up/down times so that more
flexible units are dispatched first.

2. Hydropower resources - Twelve of the 23 models can flexibly
dispatch hydropower generation potential using the HTC and
PLF dispatch methods to respectively respond to market signals
and net load variations. The remaining 11 models represent
hydropower resources using fixed generation patterns, that
reflect operational constraints on the hydropower system in the
hydrologic year from which the generation data were obtained,
unless the water models are rerun with this information.

3. Energy storage (ES) resources - ES resources can quickly coor-
dinate their charge and discharge scheduling decisions with
power systems' electricity prices and load variations. Hence,
most operational models in our catalog (19 of 23) endogenously
model the dynamic operation of ES resources by either
following the net load (i.e., peak shaving representation) or
electricity prices (i.e., price driven representation) of the system.
While ES resources are often solely constrained by power sys-
tem considerations, their presence can better enable integration
of technologies from other sectors such as the transportation
sector (e.g., EVs). However, approaching higher levels of new
technologies integration would also require seasonal storage
capacities of weeks or months. In such cases, the charge and
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discharge decisions of some ES would need to be managed over
horizons larger than operational models' typical times steps
[105].

4. Distributed energy resources (DERs) - Thirteen of the 23 models
represent DGs resources, which, as in the large-scale VRE re-
sources (19 of 23 models), are treated as non-dispatchable
(must-take) resources by operational models, creating the
need for operational flexibility. Finally, 11 operational models
can rapidly dispatch their available load capacity by either
reducing their electricity consumption (interruptible loads) at
certain time periods or deferring the electricity demand at
future times (EVs) to respond to electricity demand and price
changes.

5. Optimization - The spatial and temporal resolutions for opti-
mization problems set the representation of flexibility pro-
cesses. A finer temporal resolution can capture more of the
ramping dynamics and flexibility of the available resources for
grid operations, particularly because VRE and DG penetration
levels increase. Overall, 11 of the 23 operational models in our
catalog run sub-hourly simulations (5 min, 15 min, 30 min), ten
minimize the operation cost of the system, and one maximizes
the profit of a hydro and thermal generation portfolio. Because
sub-hourly simulations are computationally intensive, a zonal
representation and using a simplified representation for
modeling power flow constraints in transmission lines (i.e., DC
approximation, pipe flow model) are preferred.

4. Discussion e gaps and future directions

Future studies evaluating new technologies and global change
need to shift away from traditional paradigms, inwhich each sector
is operated and managed in isolation and apply a more integrated
operational approach. Modeling the interdependencies and co-
evolution of multisector systems is expected to expose new sys-
tem risks and opportunities. We posit that each core process
(agents, system objective, physical assets, metrics) has the potential
to provide a linkage with a different sector of activity (trans-
portation, water, etc.) which also most often have similar core
processes of their own. As shown in Section 3, computational
complexity typically becomes prohibitive with greater model
spatiotemporal resolution or increased scope. Several tradeoffs
across data availability, model fidelity, and computation burden
were chosen to address the impact of uncertainty in hydrometeo-
rological conditions, sensitivity to global changes, and adoption of
new technologies into the power system (Fig. 4). In this section, we
identify areas in which core process representations and in-
teractions can and must improve to enhance our understanding of
how complex systems co-evolve and to develop robust opportu-
nities for resilient systems.We discussmodel fidelity in all four core
processes and desired interaction and flexibility, whether those are
endogenous to the operational model or are part of an integrated
modeling platform. We then discuss the data and computational
platform needs to limit or control the computation tradeoffs.

4.1. Physical assets fidelity needs for analyzing multisector
dynamics

To advance the science of multisector dynamics research relying
on operational models, core process fidelity needs to be addressed
by future research, as follows:

1. Fidelity of topology associated with multisectoral governance: Bulk
electricity systems operate across multiple domains including
balancing regions, market regions, and the overall power grid.
Irrigation and water distribution systems are defined by large
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river basins and watersheds for overall water management and
multi-objective optimizations, and by cities for urban infra-
structure. Transportation systems are typically managed by
states/provinces and countries, similarly for agriculture and
other human systems. While it remains unclear how much fi-
delity is needed to represent other sectors, the topology of the
power system model should be informed by the spatial reso-
lution of decision-making in other sectors as they interact with
grid processes [106].

2. Tractability in temporal resolution: The core processes in opera-
tional models have temporal scale of minutes or hours, up to a
couplemonthswhenmanaging physical assets. Dominant water
system dynamics occurring over the power grid spatial domain,
however, have temporal scales spanning from hours to multiple
years. Existing operational models fail to adjust time scales
across sectors or impose time-based modeling assumptions to
run coherent and observable interdependent systems. This
could result in inaccurate matching of service interactions with
respect to time and system state, such as matching power
consumption (in Watts) to water consumption (in Liters).
Temporal scales of multisector dynamics need to be further
evaluated.

3. Fidelity in representation of physical assets outside the power
sector: Multisector systems are suitable candidates for providing
operational flexibility by coordinating key operational processes
that consume electricity in other sectors (e.g., the timing and
amounts of hydrogen produced, amount of water treated/
desalinated/distributed, etc.). Such coordination could reveal
significant operational benefits for interconnected in-
frastructures like a reduction in operating costs and the provi-
sion of flexibility services. However, existing operational models
do not support an integrated operational framework that can
explicitly model each sector's operational constraints. The
flexibility that a sector can exchange with another sector is
currently limited by the physical constraints of both sectors. For
example, the flexibility of the transportation network is sub-
jected to decisions associated with EV drivers' behaviors (delays,
deadlines, stops, etc.), traffic patterns (i.e., traffic congestion),
and the specific spatial topology of the transportation network
(e.g., number and type of chargers, etc.). A failure to capture
multisector constraints could lead to an over or underestimation
of the available flexibility or even to decisions that might
adversely affect the operational objectives of the coupled
infrastructures.
4.2. New system objectives and metrics associated with multisector
dynamics

In addition to improved model fidelity in the representation of
interactions between the power grid assets and other sectors’, it is
critically important to have robust assessment methodologies and
indicators that can evaluate multisector dynamics. In particular,
optimization frameworks and metrics that allow for interpretable
and generalizable results across spatial domains, and metrics that
allow for characterizations of time dynamic interactions and vul-
nerabilities across sectors, are needed. Thus, research is needed to
develop optimization frameworks and metrics to inform multi-
sector entities (e.g., water utility operators, gas operators, hydro-
power operators) about how they can hypothesize the impact of
energy consumption, and profits on their operations. These opti-
mization frameworks and associated metrics should be able to
capture the level of interconnectedness between sectors to reflect
performance relative to different temporal (e.g., seasonal) and
spatial (state, regional, national level) levels:
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1. Consistency between multi-objective functions: Existing opera-
tional models do not consider the potential for multiple
competing objectives across grid participants and sectors. Ex-
amples include hydropower plant electricity producers that aim
to maximize profits versus ISOs/RTOs that aim to minimize
operating costs or additionally reconciling these monetary ob-
jectives with non-monetary goals. Other examples include
competing water objectives in multipurpose reservoir opera-
tions (hydropower generation vs irrigation) or between multi-
sector infrastructures and associated infrastructure operators. In
non-electricity sectors, the infrastructure's operation is not only
based on the lowest cost practices but also on ensuring reliable
provision of services. More comprehensively analyzing global
change and technology innovation to explore tradeoffs should
include valuations of non-energy commodities (water, trans-
portation, gas) to better represent the value of multisector ser-
vices. Consistent optimization leads to newmetrics as discussed
below.

2. Environmental impacts from linked, non-power infrastructure: In
addition to the operations of infrastructure in non-power sec-
tors contributing to changes in environmental impacts associ-
ated with the power sector, the reverse can also occur: changes
in power sector operation can affect the environmental impacts
associated with linked infrastructure in non-power sectors. For
example, the response of hydropower facilities to better balance
the dynamics of wind and solar may result in changes in
downstream water quality due to sudden water releases
changing the shape of the downstream hydrograph [107]. Per-
formance metrics that account for effects such as these along-
side power sector metrics will provide a more complete picture
of the environmental impacts associated with multisector dy-
namics and enable planners to avoid unintended consequences.

3. Reliability impacts in non-power systems: Uncertainties associ-
ated with other external forcing (e.g., climate change) and
model representation choices can propagate to non-power
sectors. For example, a contingency on the electric grid due to
extreme weather or climate change can result in unmet loads
and blackouts, which can subsequently affect the physical reli-
ability of equipment in other sectors (e.g., water treatment
plants) to operate at their design conditions. Metrics that cap-
ture how risk and uncertainty propagate across the operations
of multiple sectors are critical for characterizing and alleviating
undesirable multisector dynamics.

Considering the wide range of core processes defined in our
taxonomy, different types of potential metrics can refer to different
science questions. For example, if a process-based approach is used
to enhance the fidelity of representing other sectors and their in-
teractions, we recommend developing fidelity metrics. The science
questions we reviewed would then be complemented with metrics
that track how the different sectors co-evolve. If statistical and
machine learning approaches are used to represent the connection
with other systems, core process-specific fidelity models might not
be adequate, but the multi-system objectives would still need to be
evaluated. Our taxonomy is relatively generalizable to other human
systems such as transportation, water management, natural gas,
and economics.

4.3. Multisectoral markets and agents

In addition to the need for developing multisector optimization
and metrics, we identified the need for exploring new market
products and mechanisms as key elements for facilitating collab-
oration among multisector stakeholders and integrating non-
power sector modeling objectives. Such efforts could include:
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1. Facilitate demand-side participation of multisector systems in
electricity markets, including the development of effective price
signals.

2. Develop new market products for services provided by multi-
sector systems, such as seasonal flexibility (driven by environ-
mental changes such as water or storage availability) and
demand-side electrification (driven by urbanization and
migration trends).

3. Develop market valuation methods for commodities other than
electricity such as water, gas, and food supplies.

4. Expand beyond the traditional ancillary and energy services to
remunerate a comprehensive suite of services, including mar-
kets for emergency response services during resilience resto-
ration strategies.

In response to newmarket products, new business models need
to be developed to access the tariff structures that maximize flex-
ibility over short- and long-time frames. Thesemodels could lead to
a paradigm that causes a radical change in the power market ar-
chitecture as we know it today, replacing traditional downstream
marketing of power by increasing reliance on multisector in-
teractions on the demand and supply side of the equation. In this
direction, recent research focus is given on developing models for
transactive energy (TE) markets in power distribution systems
under which distribution system operators (energy suppliers) and
the sectors they serve (load consumers) could settle on the proper
price for their services, in close to real time [108]. Such settlement
procedures require appropriate renumeration algorithms that
leverage statistical and machine learning methodologies and
optimize reward and market structures [109].

4.4. Computational and data exchange requirements

The broader integration of multisector processes in power sys-
tem operations would also require exchanging a plethora of market
(e.g., electricity prices and tariffs), environmental (e.g., wind, solar,
water), and system state (e.g., voltages, pressurized) information
between multisector systems. To achieve such integration, it is
crucial to establish appropriate communication protocols that can
ensure the reliable and safe information and data exchange be-
tween multisector operators, while handling large amounts of data
and translating them into understandable decision actions (e.g.,
opportunities to provide demand flexibility). Therefore, the inte-
gration of intelligent metering, telecommunication, control, and
automation systems for each sector and associated controllable
equipment (e.g., EV charging stations, water treatment facilities,
pump stations, etc.) is critical to building “intelligent”
infrastructures.

While this discussion remains open to approaches taken to
evaluate adequate sectoral model fidelity for different science
questions and the associated computational burden, an even more
immediate challenge is the lack of high-quality data pertaining to
each sector that span spatial (e.g., the geographic coverage of the
coupled infrastructure) and temporal (e.g., irrigation needs for each
crop, etc.) dynamics. Currently available observation data coming
from a range of sources, research communities and institutes lack a
shared format, can be model specific, are often not publicly avail-
able or might include several assumptions and quality issues.
Therefore, there is need for improved standardization of formats
and data collection methodologies across different uses of the data
(research, operations, planning, etc.). Initiatives to fill those gaps
are emerging for data gathering such as the Internet of Things
(Sridharan et al.), and MSD Living, Intuitive, Value-adding, Envi-
ronment (MSD-LIVE), which is a flexible and scalable data and code
management system combined with a distributed computational
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platform targeting multisector models and analytics [110]. Finally,
observations are typically designed based on sector and region-
specific knowledge of core processes dynamics including
decision-making (e.g. optimization) and institutions. While we
addressed the engineering knowledge of data needs for addressing
the representation of multisectoral and physical core processes,
future efforts are needed on developing data for multi-sectoral
decision-making and institutional influences.

5. Summary and conclusion

We conceptualized power system operations models in four
core processes, compatible with other engineering systems; (1)
model objectives and purpose; (2) physical grid assets (trans-
mission, generation resources, loads, and energy storage re-
sources); (3) institutions and decision agents; and (4) performance
metrics. The modeling capabilities and features of 23 operational
models were then compartmentalized into those four-core process.
The process-driven taxonomy was leveraged to report on the crit-
ical core processes and associated computational tradeoffs
observed in existing power grid studies addressing three common
science questions around hydrometeorological variability, global
change, and the adoption of new technologies. The computational
tradeoffs review provided a basis for realistic recommendations on
model-agnostic process development needs and research to
advance our understanding of complex interactions with other
sectoral activities. This multisector dynamic research direction will
help represent multisector dependencies which expose the risks
and opportunities in power system operations.

Our model agnostic approach allowed us to provide long-lasting
research directions for multisector studies. In this context, some
operational models can have multiple representations and this
paper guides users in setting up models in par with their science
questions and/or work with developers to get the appropriate
representation in par with science question, data availability and
computational resources. However, our audience extends beyond
the model developers and users reviewed for this paper. Under the
emerging energy sector transition, new models keep emerging
based on science question, regional opportunities, data availability
and computational tradeoffse adopting a model agnostic approach
allows to focus on the science rather than the individual model
performance.

To this end, we identified challenges in computation times, data
availability, performance metrics, and incorporating multisector
dynamics in operational models. A clear challenge for operational
models is the proper consideration of the interdependencies and
co-evolution of multisector systems, particularly related to the fi-
delity in representing multisector constraints, multi-objective
representations, and their spatial and temporal resolutions, which
do not appear to be considered fully in most operational models.
Our analytics allowed to identify the different core processes that
require a coordinated evolution in fidelity and support the devel-
opment of multisector systems, whereby each system optimally
interacts with each other at various levels.

Finally, we recommend for future literature using operational
models to be more transparent about the core process represen-
tations, with the aim to clarify how generalizable the approach and
models are to other regions or science questions. The region and
science question-specific representations of core processes and
their combinations reflect not only the maturity of the science but
also data availability and existing tradeoffs about model fidelity and
computational requirements. This blueprint provides guidance for
introducing the core processes of the model and support its rep-
resentation for addressing the science question and for discussing
findings in a reproducible way.
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