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Highlights

Optimal Gas-Electric Energy System Decarbonization Planning

Gregory Von Wald, Kaarthik Sundar, Evan Sherwin, Anatoly Zlotnik, Adam Brandt

• Novel multi-period planning framework for decarbonization of integrated gas-electric
energy systems.

• Customer appliance stock investment optimization enables low-cost substitution of
final energy demands.

• Local gas quality restrictions may limit blending of hydrogen for direct-use in buildings.

• Mixed-integer nonlinear optimization implemented in high performance computing set-
ting on a synthetic test case.
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Abstract

As energy utilities implement climate change mitigation policies, system planners require
strategies for achieving affordable emissions reductions. Coordinated planning of electric
power and natural gas systems will allow synergistic investments to address cross-sector
operational constraints, competing uses for net-zero emissions fuels, and shifts in energy
demands across energy carriers. In this study, we develop a novel optimization program that
finds the cost-minimizing mix of infrastructure expansion or reduction across gas and electric
systems to satisfy sector-specific emissions constraints. Alongside energy supply resources,
our framework allows for central-planning of end-use equipment stocks to allow switching
between gas and electric appliances upon failure or premature replacement. The proposed
model is used to simulate case study scenarios for a benchmark 24-pipe gas network cou-
pled to a 24-node power system test network. We find that electrification of greater than
80% of core gas demands is a component of the least-cost solution for modeled energy sys-
tems. Despite this substitution, the gas system is maintained to service difficult-to-electrify
customers and to deliver net-zero emissions gas to electricity generators in times of peak
electricity demand. Restricting electrification of gas appliances increases reliance on power-
to-gas technologies and increases annual costs by 15% in 2040. Neglecting constraints on
pipeline blending of hydrogen can produce a misleading result that relies on hydrogen blend
fractions of greater than 50%. In all cases, we find the average costs of delivered gas increase
nearly 5-fold across the decarbonization transition, highlighting the importance of future
work investigating cost-allocation strategies for ensuring an equitable energy transition.

Keywords: integrated gas-electric system, capacity expansion, decarbonization, net-zero
energy system, system planning, optimization, multi-period
PACS: 8800

1. Introduction

Emissions of greenhouse gases (GHGs) must decrease rapidly in coming decades to miti-
gate the impacts of climate change [1, 2]. The resulting decarbonized energy systems of the
future will likely rely on a mix of renewable energy, zero-emissions or carbon capture-enabled
thermal generation, energy storage, and chemical fuels such as hydrogen (H2) or synthetic
methane (CH4) produced from renewable electricity. Large investments in these technologies
will be required in order to reliably satisfy demand for electrical, thermal, and chemical en-
ergy over all hours of the year [3]. The specific mix that will prevail in the end is profoundly
uncertain, and depends on a complex set of technology characteristics, technological learning
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rates, and local implementation details. It is in this fog of uncertainty that energy delivery
system planners and operators (e.g., grid operators or gas distribution system operators) are
currently designing and investing in long-lived infrastructure.

The conceptual “energy hub” was first proposed as a framework for designing optimal
greenfield energy systems to satisfy environmental goals, unconstrained by existing infras-
tructure [4]. Using well-understood mathematical models for the physics of electrical power
and hydraulic gas flows [5, 6], integrated energy systems optimization models were proposed
for joint simulation of optimal power flows in multi-carrier networks [7, 8, 9]. More recent
efforts have included district heating or hydrogen alongside electricity and gaseous fuels net-
works [10]. Such multi-carrier energy systems will play a critical role in balancing low-carbon
energy supplies and demands across sectors and carriers [11]. However, as timelines shrink
to minimize climate risks, designing and implementing a least-cost greenfield multi-carrier
energy system to achieve emissions goals becomes less feasible.

Electricity and natural gas are the most widely used energy carriers in existing infrastruc-
ture systems. They deliver energy to buildings housing hundreds of millions of consumers
in the United States and billions globally. Natural gas and electrical energy infrastruc-
ture systems have become increasingly intertwined on operational and planning time scales
[12, 13, 14], and this trend may be accelerated by the transition to clean energy. The per-
sistence of low-cost natural gas in North America has motivated investment in new gas-fired
generation capacity [15], and flexible, gas-fired power plants will be essential to balance
net load fluctuations that arises from increasing use of variable renewable generation. Cli-
mate goals in gas distribution must be satisfied by reducing the life-cycle GHG emissions
of fuels delivered. This may be accomplished by using biomethane, pipeline blending of
hydrogen, or catalytic methane production using clean electricity and captured carbon diox-
ide. Alternatively, end customers will reduce their gas consumption by transitioning – at
least partially – to electric appliances. As regulators and utilities confront these trends,
comprehensive frameworks are needed for coordination of system operations and investment
planning [16, 17].

In this work, we develop a novel mixed-integer quadratically-constrained program to fill a
practical gap in the multi-carrier energy system planning literature. The proposed framework
conducts multi-period system planning across integrated, gas-electric energy systems. The
modeling context is planning under strict sector-specific GHG emissions constraints that
tighten over time. We accommodate time series aggregation (data reduction) techniques
to allow for solutions that jointly simulate operations across representative days [18, 19].
This reduced temporal complexity allows us to jointly consider detailed electricity sector
operations constraints, nonlinear gas system steady-state flows, and the transition of final
energy demands across carriers.

Importantly, this model treats endogenous stock turnover of legacy appliance populations,
allowing the model to shift end use appliances between gas and electric supply networks. This
appliance-investment planning allows for joint consideration of direct electrification of current
gas consumption alongside electro-fuel (or power-to-gas) resources which decouple the timing
and location of electricity production from the provision of final energy services using the gas
grid as a buffer. A simple formulation for spatially-resolved hydrogen concentration tracking
allows us to illustrate the critical role of permissible gas quality on optimal decarbonization
investments. A realistic implementation of sector-specific GHG emissions constraints allows
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endogenous allocation of constrained resources (such as sustainable bio-energy) across com-
peting end-uses in the electricity and natural gas sectors. With the presented model and
illustrative case study scenarios, we lay the groundwork for an array of future analyses ad-
dressing critical questions of practical importance to the transition to a deeply decarbonized
energy system.

Below, we review previous studies on gas-electric system modeling, operational planning,
optimal expansion, and emissions reduction. We then outline the critical gaps in previous
analyses that this study aims to fill. In Section 3, we present the model formulation for
co-optimized gas-electric system planning. In Section 4, we present the data inputs and
assumptions for a benchmark test network case study. Section 5 presents the least-cost
planning and operational decisions. We discuss the results, key conclusions, and areas for
further study in Section 6. Appendix B further describes the data inputs and assumptions
required to simulate a case study implementation of the model.

2. Background

There is a growing body of work on coordinated expansion planning and operational
scheduling optimization of integrated energy systems to generate and deliver electricity,
natural gas, hydrogen, and/or heat. For comprehensive recent reviews on this previous
work, we refer the reader to He et al. (2018) [20], Farrokhifar et al. (2020) [21], and Huang
et al. (2020) [22].

Using models for co-optimized gas and electric flows, several researchers have investigated
the value of coordination and optimal control of the two integrated networks [23, 24, 25, 26].
The fidelity of simulation used for optimizing control varies from convexified steady-state
simulations [27, 28] to transient flow models [29, 30]. Moreover, uncertainty frameworks have
been proposed for the integrated gas-electric operations optimization [31] and gas expansion
planning optimization problems [32]. Several studies have analyzed whether the inclusion
of power-to-gas conversion facilities can further reduce operational costs of integrated gas-
electric energy systems [33, 34, 35]. Although studies anticipate reduced curtailment of
renewables and decreased operational costs with the addition of such facilities, they do not
examine whether the economic benefits exceed the capital costs of their installation.

A related body of work has investigated coordinated expansion planning between the
electric power and natural gas systems. Expansion planning scope can include generation,
transmission [36, 37], and distribution-level decisions [38]. Bi-level optimization approaches
have been used to iteratively solve the planning and operations sub-problems in order to
converge to a solution [39]. Convex relaxations have been proposed for the gas expansion
planning problem [40] and implemented for joint expansion planning of gas and power sys-
tems [41], while fully linearized approaches are employed to solve large-scale systems [42].
Recent work has incorporated power-to-gas [43, 44, 45, 39] or combined heat and power
[46] resources in integrated planning optimization. However, many of these studies are only
applicable to cases where district energy systems infrastructure already exists for delivery of
power, gas, and heat to buildings [47, 48], irrespective of the local conversion equipment. One
study explicitly optimizes the distribution-level heat demands across appliance technologies,
but only examines new-build infrastructure decisions [49]. Planning for the potential early
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retirement of legacy equipment presents an important challenge for system planners and
regulators. Further, assuming the existence or cost-effective development of an entirely new
set of networked infrastructure for energy delivery, whether it be district heat or hydrogen, is
often unrealistic in cases where legacy buildings must be transitioned to zero-carbon energy
sources.

Many planning studies simulate operations for a set of independent steady-states [28] or
use clustering to reduce 8760 hourly data points in the planning year down to a tractable
set of representative hourly steady-states [45] or representative days [50]. However, these
approaches typically treat each evaluated operational period as a stand-alone simulation and
not in sequence to allow for transfer of energy across simulated hours or days. As systems
rely on increasing shares of weather-dependent renewable resources, these asynchronous de-
velopments will be critical to ensuring system feasibility. To our knowledge there is no
published global optimization formulation that enables flexible simulation of representative
time periods while retaining their sequencing in the calendar year to allow for inter-day,
inter-week, and seasonal energy storage.

The capability to tractably solve planning optimization over several sequential multi-year
periods is critical for enabling realistic integrated resource planning proceedings. Researchers
have proposed various models to optimize gas-electric system planning across multiple in-
vestment periods using genetic algorithms [51], linearized expansion co-planning [38], or
Bender’s decomposition techniques [46]. However, the primary focus of these studies and
others is on serving incremental load growth across a time horizon [52, 45, 50] rather than
transformative energy transition to satisfy environmental constraints.

Carbon emissions constraints have been included in operational optimizations [53, 54]
and in multi-objective planning optimization problems [55], as components of the objective
function at a fixed cost [56, 57, 58] or as constraints subject to an emissions cap [59, 60].
Berger et al. (2020) propose a temporally resolved expansion planning model to satisfy
economy-wide demands for energy subject to carbon emissions constraints [61]. However,
no transmission networks are contemplated in that study, and final energy demands are
exogenously specified, which limits the ability of their formulation to identify and exploit
synergies across gas and electricity systems or to use endogenous appliance fuel switching as
a model decision to optimally make use of renewable and gaseous fuels. Further, implemen-
tation of such emissions-constrained optimization programs in practical policy proceedings
may require moving beyond system-wide emissions constraints and towards sector-specific
accounting of GHG emissions. The goal of our study is to extend previously proposed for-
mulations to enable a richer variety of future scenario analyses that account for how system
operations will adjust in response to the optimized structural changes.

In summary, our model includes the following novel features that are unprecedented in
the coordinated gas-electric transition literature:

• An endogenous appliance stock turnover model to address capital longevity and existing
infrastructure

• Building retro-fit costs to accommodate the transition of gas demands to the electric
power system

• Endogenous fuel switching as a model decision, rather than as an externally-specified
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case definition

• Linking constraints across representative operational time periods to represent long-
term storage of energy

• A simplified, linear gas component tracking formulation for ensuring adequate quality
of gas delivered to consumers

• Sector-specific emissions intensity constraints that endogenously induce cross-sector
competition for constrained net-zero emissions gas supplies

• Ex-post computation of average costs of delivered gas, electricity, and electro-fuels
(as an integrated linear system of equations) to indicate how cost-of-service regulated
volumetric rates may evolve across the transition.

3. Model formulation

The objective of the proposed method is to identify the cost-optimal trajectory of capac-
ity investment decisions for a set of coupled energy infrastructures that deliver electricity
and gaseous energy, across a multi-period time horizon with progressively declining GHG
emissions constraints. To conduct integrated, multi-period gas-electric systems planning, we
synthesize methods from studies on electricity sector capacity expansion modeling [62, 63],
coordinated gas-electric operations optimization [23, 41], and economy-wide decarbonization
pathway simulation techniques [64, 65].

System design decisions include the expansion or retirement of electricity generators,
producers of net-zero emissions gas, and electricity or gas storage. The proposed model also
endogenously models the natural stock-rollover of end-use appliance populations, allowing
for endogenous model decisions on transitions in final energy demands across energy carriers.
Each unit has an associated location on the gas network and on the electricity grid where
the unit’s net energy supplies or demands interface with each infrastructure system and can
be transferred through modeled networks of gas pipelines and electricity transmission lines,
respectively.

For each modeled annual or multi-year investment period, the program jointly deter-
mines cost-optimal operations of the integrated gas-electric energy system across a set of
representative operational periods (i.e., days) to ensure that energy demands can be satis-
fied, subject to hourly operational constraints such as availability of renewable electricity
generation, energy storage charging and discharging, and generator characteristics.

The least-cost integrated system planning problem is expressed mathematically as the
coordinated optimization program in Eq. (1). The objective function sums total societal
costs across all evaluated investment periods I and their associated expansion investment
costs Cexp

i [$/year], fixed costs of transmission & distribution infrastructure Cinf
i [$/year],

and variable system operating costs Cop
i [$/year]. All future costs are discounted to present

value using ϑi, a societal cost discount factor described in Section 3.8.4. The full problem
formulation is given by:
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min
∑

i∈I
ϑi(C

exp
i + Cinf

i + Cop
i ) using (70), (64), (67), and (69)

s.t. supply/demand capacity expansion constraints: (5)-(6)

appliance turnover and replacement constraints: (14), (16)

power flow constraints: (18)-(19)

power system operating constraints: (20)-(26)

gas system operating constraints: (30)-(32)

gas flow constraints: (34), (36), (38), (39)

gas quality constraints: (42)-(50)

gas energy balance: (47)

storage operations constraints: (51)-(59)

emissions constraints: (61)-(63)

(1)

In the forthcoming Sections 3.1-3.2, we present the mathematical notation employed
throughout this paper. Sections 3.3-3.7 explain the decision variables and constraints em-
ployed in Eq. (1). We compute the objective function terms in Section 3.8. Finally, we
describe model outputs in Section 3.9.

3.1. Network topology

The network topology of an integrated gas-electric system consists of separate gas and
electric networks that interact through a limited set of coupling units that enable energy
flows between the two carriers. A schematic illustration of an integrated gas-electric network
is presented in Figure 1.

The power grid is defined by a graph (NP , EP ) with NP = |NP | nodes denoting buses
connected by EP = |EP | edges denoting power lines, and the gas pipeline network is defined
by a graph (NG, EG) with NG = |NG| nodes denoting junctions connected by EG = |EG|
edges denoting pipelines. Nodal boundaries are represented in Figure 1 with dashed (electric
system) and dotted (gas system) lines. Edges are presented here as bi-directional arrows,
specified by an origin and a terminus node, indicating energy transfer capabilities between
the connected nodes.

These networks are defined separately, and interact through a set of energy supply and
demand units X , such as electricity generators, that are connected to an associated node
on the gas network as well as an associated node on the electric network. To facilitate
matrix notation, network topology for the electric power and gas grids are characterized by
nodal-edge incidence matrices AP and AG of dimension NP ×EP and NG×EG, respectively:
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Parameterized ∀𝑒 ∈ 𝐸𝑃 or ∀𝑛 ∈ 𝑁𝑃by:

Max. power flow, P𝑒 [MW] 
Line reactance, 𝑋𝑒 [per unit]

Max. voltage angle, 𝑣𝑛 [radians]

Parameterized ∀𝑒 ∈ 𝐸𝐺 or ∀𝑛 ∈ 𝑁𝐺 by:

Pipeline diameter, 𝐷𝑒 [m] 

Pipeline length, 𝐿𝑒 [m]

Friction factor, 𝑓𝑒 [unitless]

Max. compression ratio, 𝛼𝑒 [MPaexit / MPaenter]

Max./Min. pressure, Π𝑛, Π𝑛 [MPa]

Power network nodes, 𝑁𝑃

Power network edges, 𝐸𝑃

Gas network nodes, 𝑁𝐺

Gas network edges, 𝐸𝐺

N

1
2

𝑵𝑷

21 𝑵𝑮

Figure 1: Schematic illustration of an integrated gas-electric energy system composed of overlaid electric and
gas networks with nodes, interconnected by edges that allow for energy transfer between connected nodes.
Each edge has an associated maximum transfer capacity, as dictated by the physical parameters for gas
pipeline and electric transmission networks.
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Power: APn,e =

{
1 if edge e leaves node n

−1 if edge e enters node n
(2a)

Gas: AGn,e =

{
1 if edge e leaves node n

−1 if edge e enters node n
(2b)

Each column of AP and AG represents an edge, with positive and negative values indi-
cating the edge’s origin and terminus nodes. Consequently, each row characterizes a node,
and indicates all of the edges that nominally enter or exit that node.

Each existing or candidate resource is mapped to a node on the electricity and gas
systems. In Figure 2 we illustrate the sets of energy supply and demand units that may
operate at each specific node on the gas and electric system and the associated decision
variables and parameters that govern their contribution to nodal energy supplies and/or
demands.

+
Electricity demand Gas demandElectricity supply Gas supply

Generators, Ω

Net-zero emissions gas,  Z

Energy storage,  S

Appliances, A

Generators, 𝜔 ∈ 𝛺n

Power-to-gas, 

z ∈ 𝑍𝑛 ∩∉ 𝑍𝑏

Electricity storage, 

𝑠 ∈ 𝑆𝑃 ∩ 𝑆𝑛

Appliances, 𝑎 ∈ 𝐴𝑛

Gas-fired generators, 

𝜔 ∈ ΩG ∩ Ω𝑛

Net-zero emissions 

gas, 𝑧 ∈ 𝑍𝑛

Gas storage, 

𝑠 ∈ 𝑆𝐺 ∩ 𝑆𝑛

Appliances, 𝑎 ∈ 𝐴𝑛

∀𝑛 ∈ 𝑁𝑃 ∀𝑛 ∈ 𝑁𝐺

𝛤𝜔
𝑃 Γω

P𝜂𝜔

Γ𝑧
𝑍𝜙𝑧

𝑍

𝜁𝑠
+𝜁𝑠

− 𝜁𝑠
+𝜁𝑠

−

𝜑𝑎
𝐺𝜑𝑎

𝑃

Baseline electricity 

demands, ෡Φ𝑛
𝑃

Fossil natural gas 

supplies, Γ𝑛
𝐺

Baseline gas 

demands, ෡Φ𝑛
𝐺

+ +

Set of energy supply & 

demand units, 𝑋Sets 

Decision variables

Parameters

Figure 2: Schematic illustration of integrated gas-electric energy system nodes.

3.2. Temporal notation

In the presented model formulation, variables and parameters are indexed across time
in three nested timescales. We consider indexing across combinations of investment time
horizons i ∈ I, representative operational periods r ∈ R, and linked operational time steps
o ∈ O for each operational period. Let us denote the sizes of these sets by I = |I|, R = |R|,
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and O = |O|. We use the multi-index (i, r, o) ∈ I × R × O, and denote T ≡ I × R × O
for ease of exposition. For specific values of i ∈ I, r ∈ R, and o ∈ O, we will then write
(i, r, o) ∈ T .

Each representative period also has an associated weight w(i,r) that reflects the proportion
of operational conditions that it represents. We use these weights to evaluate operational
costs on an annual basis, and to limit the availability of some supply-constrained resources.

To offer a concrete example, a case may optimize across 5 linked investment years, using
8 representative days to represent each year. Each representative day is composed of 24
hourly time steps. In that case, I = 5, R = 8, and O = 24. The total times steps modeled
is then 5 × 8 × 24 = 960. The proposed modeling framework can flexibly accommodate
different investment periods, representative periods, and operational time steps of any length.
However, for simplicity, we will discuss the model formulation using investment years and
representative days composed of operational hours. This approach to time series reduction
allows for large reductions in problem complexity while retaining important operational
characteristics. However, use of representative days introduces challenges when modeling
constraints or resources that bind across time horizons that extend longer than the length
of each representative day (i.e., minimum generator up- or down-time constraints or long-
duration energy storage) [19, 66].

In order to accommodate operational constraints that relate adjacent time periods, we
retain the contiguous sequencing of time periods as a sequence C of length NC = |C| that
consists of elements taken from the set R of representative time periods. We can define a
projection σ : [NC ] → R, where we use the shorthand [N ] ≡ {1, 2, . . . , N}, so that the
sequence of operational periods c ∈ C for a time horizon can be defined using representative
periods according to

C = {σ(1), σ(2), ..., σ(NC)}. (3)

The proposed approach to time series reduction with representative periods mapped to
their contiguous sequence is presented in Figure 3. In this cartoon illustration, each invest-
ment year is reduced for operational purposes to a set of representative days (denoted by
color) composed of operational hours. The representative periods are then mapped back
to their original sequencing in the calendar year based on the actual days assigned to each
representative day via a clustering algorithm. Note that in this illustrative example, repre-
sentative days are found that capture seasonal features, differences between weekends and
weekdays, and potential multi-day extreme periods.

Our approach provides the proposed model a flexible framework for experimenting with
temporal resolution. In this computational analysis, we use representative days to examine
annual operations, i.e., NC = 365. However, the framework can accommodate representative
periods of any length (number of days or hours), while preserving the calendar sequence on
which constraints that relate adjacent periods can be imposed throughout an annual or
multi-year simulation horizon. The investment years in the considered set I are associated
with actual calendar years in Y . For example, our computational case study (described in
Section 4) tracks |I| = 5 investment time horizons staggered at 5-year increments from a
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𝑖 = 2𝑖 = 1 𝑖 = 𝐼

…

𝑟 = 1

𝑟 = 2

𝑟 = 𝑅
⋮ 𝐶

𝑜 = 1 𝑜 = 𝑂…

𝜎

M
o

n
th

s

Days

Hours

Years

Figure 3: Schematic illustration of time series reduction from investment years I to representative days R
composed of operational hours O. The representative periods are then cast back to their sequence in the
original calendar year C via σ.

base year of 2020. Thus, the calendar years considered here are

Y = {2020, 2025, 2030, 2035, 2040}. (4)

3.3. Design decisions

Design decision variables evaluate the expansion or retirement of units in the candidate set
X , which includes electricity generators, electrical and gaseous energy storage, new sources of
net-zero emissions gas, i.e., biomethane and power-to-gas conversion, and end-use consumer
appliances. These decision variables are included for each modeled investment time period
i ∈ I. Constraints must be defined in order to delimit annual expansion of new units to lie
between zero and a maximum annual rate of development. In addition, we must constrain
the total expansion to remain below a maximum number of units. We also constrain the
retirement of existing units to not exceed the number of legacy units and any previously
developed units. Finally, for simplicity of exposition, we compute the number of units in
operation during a given investment year. These constraints are given by

δi,x ≥ 0, ζi,x ≥ 0, mi,x ≥ 0 ∀i ∈ I, x ∈ X , (5a)

δi,x ≤ δx(Yi − Yi−1) ∀i ∈ I, x ∈ X , (5b)
∑

i∈I
δi,x ≤ ∆x ∀x ∈ X , (5c)

ζi,x ≤ m̂x +
∑

j∈[i−1]

(δj,x − ζj,x) ∀i ∈ I, x ∈ X , (5d)

mi,x = m̂x +
∑

j∈[i]

(δj,x − ζj,x) ∀i ∈ I, x ∈ X . (5e)
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Here, Eq. (5a) introduces the decision variables for expansion δi,x [units/year], retirement
ζi,x [units/year], and existing units in operation mi,x [units] and ensures these variables take
on non-negative values. Eq. (5b) ensures that the expansion decision in each time period
δi,x does not exceed maximum annual expansion rates δx [units/year] multiplied by the
number of years represented by the current investment period evaluation (Yi − Yi−1)[years].
Eq. (5c) requires that total expansion across the modeled investment horizon does not
exceed the maximum allowable development for each candidate set of units ∆x [units]. Eq.
(5d) ensures that the number of units retired, ζi,x does not exceed the number of existing
legacy units, m̂x [units], plus any previously-constructed units less any previous retirements∑

j∈[i−1] (δj,x − ζj,x). Finally, Eq. (5e) evaluates the total number of units in service mi,x in

any investment period. Note that for simplicity of exposition we use the notation j ∈ [i] as
short-hand for the more pedantic j = 1 . . . i.

When modeling investment decisions across extended time horizons, we endogenously
include any planned or expected retirements of units or appliance failures. Each class of
unit included in the set X may have a different cumulative failure function fj,x,i to describe
the cumulative fraction of units of kind x installed during investment year j that will fail
before or during investment year i. For example, electricity generators that are modeled
in small populations may have their failure or retirement modeled as a discrete occurrence
at their expected lifetime. However, populations of thousands of appliances may have their
failure modeled as a continuous function with fractional shares exiting the operating stock
in between each investment year.

Here, we compute the cumulative number of expected retirements as the sum of legacy
units m̂x by the legacy unit failure function f̂i,x [cum. units failed/initial units installed]
and previously expanded units

∑
j∈[i−1] δj,x by the modeled cumulative failure function fj,x,i

[cum. units failed/initial units installed]. In every modeled investment year, the retirements
in the current investment period must exceed those cumulative expected retirements, less
any previous retirement decisions, i.e.

∑
j∈[i−1] ζj,x. This constraint is expressed as

ζi,x ≥ m̂xf̂i,x +
∑

j∈[i−1]

δj,xfj,x,i −
∑

j∈[i−1]

ζj,x ∀i ∈ I, x ∈ X . (6)

For units in the generators, storage, and net-zero emissions gas production sets we govern
the expected retirement using the following relationships:

f̂i,x = {1|Yi ≥ Ỹx + τx} ∀i ∈ I, x ∈ Ω ∪ S ∪ Z, (7a)

fi,x,j = {1|Yi ≥ Yj + τx} ∀i ∈ I, x ∈ Ω ∪ S ∪ Z. (7b)

To endogenously evaluate the expected retirement deadlines of existing and candidate
resource expansion, we leverage the set of calendar years Y defined in Eq. (4). Indicator
functions are used to indicate when legacy units m̂x have reached their expected lifetime τx
[years], based on their calendar year of installation Ỹx with the expression {1|Yi ≥ Ỹx + τx}.
A similar function is used to indicate when previously expanded units δj,x have reached their
expected lifetime, i.e., {1|Yi ≥ Yj + τx}.

These indicator functions are mathematically implemented as defined in Eq. (8) for two
values x and y. This expression ensures that if x is greater than or equal to y, this value
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equals one. If x is less than y, this value equals zero:

{1|x ≥ y} = 1−max {min {y − x, 1}, 0} (8)

Another collection of constraints relates investment decisions made by direct-use gas
customers in residential, commercial, or industrial sectors. We model these decisions using
a set of appliances a ∈ A ⊂ X (each of which satisfy a particular energy end-use service
u ∈ U) across the set of modeled investment periods i ∈ I. Examples of appliances include
gas furnaces, air-source heat pumps, gas-fired or electric resistance water heaters, and gas
or electric stoves. Corresponding energy end-use services may include space heating, water
heating, and cooking.

The same unit stock-tracking constraint set (Eq. (5) - (6)) is employed for the appliances
A ⊂ X , however we use different failure functions applied to legacy unit populations and
expansion decisions.

We endogenously model appliance failure fractions using the standard Poisson distribu-
tion approach, where the failure fraction is specified by the average appliance lifetime τa
[years]. Cumulative failure fractions in each investment year i for each appliance population
installed in a previous investment period j are pre-computed according to Eq. (9).

fi,a,j =
∑

k∈[Yi−Yj ]

e−τa
τ ka
k!

∀i ∈ I, a ∈ A, j ∈ I (9)

Here, we sum across the failure fractions occurring in each year between the install year Yj
and the current investment year Yi using the appliance’s expected lifetime τa.

The cumulative failure fraction of the initial appliance population in each modeled invest-
ment time period f̂i,a can be similarly pre-computed using simplified assumptions about the
historical growth rate of appliance sales ĝa [%/year] and the number of existing appliances
at the beginning of the modeled time horizon m̂a (i.e., in service during the base calendar
year Ŷ ).

The appliance population size at the beginning of the modeled time horizon is assumed
to be a function of the cumulative failure (as specified by the same Poisson failure function)
of all previous appliance sales M̃a,k [units/year] (for each historical year k):

m̂a =
∑

k∈[inf]

M̃a,k


1−

∑

j∈[k]

(
e−τa

τ ja
j!

)
 ∀a ∈ A, (10a)

M̃a,k =
M̂a

(1 + ĝa)k
∀k ∈ K, a ∈ A. (10b)

As shown above, we cast all historical sales, M̃a,k [units/year], as a function of appliance sales

in the beginning of the modeled time horizon M̂a [no. units] using an assumed historical
growth rate ĝa [%/year].
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We can, therefore, substitute Eq. (10b) into Eq. (10a):

m̂a =
∑

k∈[inf]

M̂a(1 + ĝa)
−k


1−

∑

j∈[k]

(
e−τa

τ ja
j!

)
 ∀a ∈ A. (11)

and rearrange the above to infer the appliance sales in the base year as solely a function of
(1) an assumed historical growth rate in sales ĝa and (2) the initial appliance population m̂a,
provided that appliance failures are characterized by a Poisson distribution:

M̂a = m̂a

∑

k∈[inf]

(1 + ĝa)
k

1−∑j∈[k]

(
e−τa τ

j
a

j!

) ∀a ∈ A. (12)

We use this term to pre-compute the expected cumulative failure fraction of existing appli-
ances f̂i,a on a forward-basis in every modeled investment time period:

f̂i,a = 1− 1

m̂a

M̂a

∑

k∈[inf]

(1 + ĝa)
−k


1−

∑

j∈[k+(Yi−Ŷ )]

e−τa
τ ja
j!


 ∀i ∈ I, a ∈ A. (13)

In essence, we are dividing the existing population of appliances m̂ into a set of vintages
based on assumed prior sales, which allows us to use the same vintage tracking and failure
functions for both appliances pre-existing at the start of the simulation and those added in
our investment time periods.

Next, we add constraints that ensure that in each investment time period, and for each
energy end-use, the population of appliance units (at every node) must exceed the total
demand for that energy service. This constraint set applies across electricity and gas system
nodes as these networks may have different spatial resolution. In this manner, we ensure
that, whether the replaced appliances are fueled by gas or electricity, the same demand for
energy end-use services is met at any level of spatial granularity considered. We enforce this
requirement as

∑

a∈(Au∩An)

mi,a ≥
∑

a∈(Au∩An)

m̂a(1 + gu)
(Yi−Ŷ ) ∀i ∈ I, u ∈ U , n ∈ (NP ∪NG). (14)

Eq. (14) evaluates (for each investment period) the total number of appliances that
can satisfy the required energy end-use and exist at the specified node (i.e., a ∈ Au ∩ An).
This quantity equals the number of appliances installed and not retired in this investment
year mi,a. This value must be greater than the original number of appliances satisfying this
energy service, m̂a, escalated by an assumed growth rate in demand for this energy service
gu [%/year]. The number of intervening calendar years between each investment period is
calculated using the elements of Y as originally explained in Eq. (4).

Note that if a more granular population of appliances is modeled, the set of energy
end-use services U will need to be similarly expanded to differentiate across. For example,
a future model might disaggregate demand for space heating equipment in older, leakier
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homes vs. newer or recently retrofitted homes. The subset of candidate appliances that can
act as direct substitutes in each of these use cases may be different, despite the fact that all
appliances satisfy a “space heating” need. For example, heat pumps may be a viable choice
in newer more efficient homes but not in older leakier homes.

To isolate the impact of co-optimized appliance-level investment planning decisions on
decarbonization pathways, in sensitivity analysis cases we can enforce “persistence” of ap-
pliance replacements by fuel type. In this circumstance, we remove the flexibility to serve
demand growth and appliance replacements with any appliance that satisfies the same en-
ergy end-use service. Instead, in these sensitivity cases, appliances that fail must be replaced
by appliances that use the same end fuel type (gaseous or electrical), and demand growth
rates are applied uniformly across all existing appliance populations. These requirements
are given in Eq. 15.

mi,a ≥ m̂a(1 + gu)
(Y(i)−Ŷ ) ∀a ∈ A, i ∈ I (15)

Note that these constraints are only included as limited sensitivity cases, and all baseline
runs allow for end use switching appliance populations between gas- and electric-powered
candidates.

All appliance-level energy demands are modeled using parameterized hourly gas and
electricity consumption profiles ϕG(r,o),a [MW] and ϕP(r,o),a [MW], respectively. These energy
demands are incremental to a baseline of immutable temporal gas and electricity demands
Φ̂G

(i,r,o),n [MW] and Φ̂P
(i,r,o),n [MW], that represent any nodal energy demands that are not

modeled at the appliance-level. These quantities are related to the realized nodal gas and
electricity loads ΦG

(i,r,o),n [MW] and ΦP
(i,r,o),n [MW], respectively, by

ΦG
(i,r,o),n = Φ̂G

(i,r,o),n +
∑

a∈An

ϕG(r,o),ami,a ∀n ∈ NG, (i, r, o) ∈ T , (16a)

ΦP
(i,r,o),n = Φ̂P

(i,r,o),n +
∑

a∈An

ϕP(r,o),ami,a ∀n ∈ NP , (i, r, o) ∈ T . (16b)

We use the above Eq. (14)-(16) to explicitly model the potential transition of residential
and commercial gas demands through adoption of electric appliances for space heating,
water heating, and cooking. However, the presented framework is extensible to any number
of residential, commercial, or industrial energy end-uses.

3.4. Power system operational decisions

Here we describe the models we use to reflect operational decision-making for electric
power transmission. Power system constraints are given on an hourly resolution, for 24
operational time steps o ∈ O in each operational time period r ∈ R based on the unit
commitment problem for day-ahead scheduling. We describe the constraint set we use to
represent the physics of power flow and the engineering and operational limitations for the
power grid below. We use an integer-relaxed unit commitment and dispatch model to rep-
resent scheduled and dispatched generation or demand from each power system resource.
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The set of constraints in this formulation is based on standard formulations of the unit
commitment problem that have been used in numerous variations [67, 68, 69].

3.4.1. Power flow constraints

In steady-state, active power flow on a loss-less edge e ∈ EP directed from node n ∈ NP
to m ∈ NP is represented by a single algebraic equation, using nodal voltages Vn, Vm [kV],
transmission line reactance Xe [Ω], and nodal voltage angles vn, vm [radians]:

Pe =
|Vn||Vm|
Xe

sin(vn − vm) ∀e ∈ EP . (17)

In our analysis, we employ three simplifying assumptions: (1) line resistances are negligi-
ble compared to line reactances, (2) the voltage amplitude is equal for all nodes on a per unit
basis (i.e., |Vn| ≈ |Vm| ≈1 p.u.), and (3) the voltage angle differences between neighboring
nodes are small (i.e., sin(vn−vm) ≈ (vn−vm)) [70]. Under these circumstances, the physical
power flows on each line can be modeled using the linearized DC power flow equations, which
relate the per-unit line reactance Xe [p.u.] and nodal voltage angles vn [rad.] to the power
flow on each line Pe [MW] using a base power P̂ = 100MW. Eq. (17) can be defined over
the entire power network (∀e ∈ EP ) using the incidence matrix AP . We also cast the power
flow constraint set across all operational time steps i.e., ∀(i, r, o) ∈ T :

P(i,r,o),e = P̂

(−1

Xe

) ∑

n∈NP

APn,ev(i,r,o),n ∀(i, r, o) ∈ T , e ∈ EP . (18)

The electrical energy balance at each node is enforced using

∑

ω∈Ωn

ΓP(i,r,o),ω −
∑

e∈EP
APn,eP(i,r,o),e +

∑

s∈SP∩Sn
(ψ−(i,r,o),s − ψ+

(i,r,o),s)

−ΦP
(i,r,o),n −

∑

z∈Zn

ΦZ
(i,r,o),z = 0 ∀(i, r, o) ∈ T , n ∈ NP , (19)

where Zn is the set of net-zero emissions gas units at a node n ∈ NG. The above relation
ensures that the sum of local generation supplies ΓP(i,r,o),ω [MW], net electricity transfers∑

e∈EP A
P
n,eP(i,r,o),e [MW], and net storage discharge (ψ−(i,r,o),s − ψ+

(i,r,o),s) [MW] matches local

demands ΦP
(i,r,o),n [MW] and any demand ΦZ

(i,r,o),z [MW] for production of net-zero emissions
gaseous fuel. In short: supply must match demand at the nodal level, net of transfers.

A collection of inequality constraints then delimits the engineering and operational limits
of power flow in the grid. Transmission of electric power is limited by lower and upper bounds
on power flows across each line P(i,r,o),e [MW] and voltage angle differentials v(i,r,o),n [radians],
of the form
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− P e ≤ P(i,r,o),e ≤ P e ∀(i, r, o) ∈ T , e ∈ EP , (20a)

− v ≤
∑

n∈NP

APn,ev(i,r,o),n ≤ v ∀(i, r, o) ∈ T , e ∈ EP . (20b)

Lastly, in order to ensure a unique solution, the voltage angle at a designated slack bus
must be fixed to equal 0:

v(i,r,o),0 = 0 ∀(i, r, o) ∈ T . (21)

3.4.2. Unit commitment constraints

Next, we apply constraints to control the unit-commitment and dispatch of electricity
generators and power-to-gas conversion units. The below constraints introduce these opera-
tional decision variables and govern the amount of power generation (or demand) according
to the number of units active during each operational time step.

0 ≤ ν(i,r,o),x, ν
+
(i,r,o),x, ν

−
(i,r,o),x ≤ mi,x ∀(i, r, o) ∈ T , x ∈ Ω ∪ Z (22a)

ν(i,r,o),xuxΓx ≤ ΓP(i,r,o),x ≤ ν(i,r,o),xuxΓx ∀(i, r, o) ∈ T , x ∈ Ω (22b)

ν(i,r,o),xuxΦx ≤ ΦZ
(i,r,o),x ≤ ν(i,r,o),xuxΦx ∀(i, r, o) ∈ T , x ∈ Z (22c)

ν(i,r,o),xuxγ(i,r,o),x
≤ ΓP(i,r,o),x ≤ ν(i,r,o),xuxγ(i,r,o),x ∀(i, r, o) ∈ T , x ∈ Ω (22d)

Eq. (22a) introduces non-negative decision variables for units committed ν(i,r,o),x [no. units],
started up ν+

(i,r,o),x [no. units], and shut down ν−(i,r,o),x [no. units] in each operational time
step. This constraint also requires these variables to be less than or equal to the total number
of units that exist in that investment period, mi,x.

In the full integer unit-commitment model formulation, all of the above defined variables
ν, ν+, ν− would all be constrained to take on integer values (i.e., ∈ Z. Here, we relax these
to continuous variables to reduce computational burden.

In Eq. (22b), the power dispatch ΓP(i,r,o),x for each generator is delimited by the maximum

and minimum stable power output, Γx and Γx on a per unit [p.u.] basis, multiplied by
unit size u [MW/unit] and the number of units committed ν(i,r,o),ωunits. The dispatchable
electricity demand ΦZ

(i,r,o),z for each net-zero emissions gas producer is similarly constrained

in Eq. (22c). Eq. (22d) bounds fixed profile, or non-dispatchable, generation units, such as
wind and solar, by minimum and maximum availability, γ

(i,r,o),ω
and γ(i,r,o),ω, that constrains

generation on a per unit basis in each evaluated time point. For example, generation from
a weather-dependent resource must be less than or equal to the available power in that
time step, but could go as low as zero, if curtailment is economic. Other non-dispatchable
units bound by this constraint set could include combined heat and power facilities with a
minimum amount of load during particular time steps. For conventional thermal units with
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stable fuel supplies, Eq. (22d) will not bind output (i.e., γ
(i,r,o),ω

= 0 and γ(i,r,o),ω = 1) and

the minimum or maximum per unit output will be solely constrained by Eq. (22b).

3.4.3. Generator operational constraints

Next, we include maximum ramp rate constraints to bound the hourly change upward
and downward in output for each generator. We use the same form of these constraints as
that which was implemented in a previous study [62], given by

ΓP(i,r,o),ω − ΓP(i,r,o−1),ω ≤ uωρω(ν(i,r,o),ω − ν+
(i,r,o),ω)

. . .+ uωmin{Γω,max{Γω, ρω}}ν+
(i,r,o),ω − uωΓων

−
(i,r,o),ω

∀(i, r, o) ∈ T , ω ∈ Ω, (23a)

ΓP(i,r,o−1),ω − ΓP(i,r,o),ω ≤ uωρω(ν(i,r,o),ω − ν+
(i,r,o),ω)

. . .+ uωmin{Γω,max{Γω, ρω}}ν−(i,r,o),ω − uωΓων
+
(i,r,o),ω

∀(i, r, o) ∈ T , ω ∈ Ω. (23b)

In Eq. (23a), the maximum hourly change in generator output is bounded by the maximum
ramp rate ρω [p.u./hour] multiplied by the number of units committed and not newly started
up in this time step, i.e., ν(i,r,o),ω − ν+

(i,r,o),ω. Units that are newly started up may increase
output to the greater of their minimum stable power output Γω and their ramp rate ρω,
not to exceed the maximum stable power output Γω. Finally, any units shut down ν−(i,r,o),ω
during the time step may decrease power output from the minimum stable power output Γω
to zero.

The net downward change in generation output is similarly constrained by Eq. (23b).
Thermal generation units typically have maximum ramp rates ρω determined by their opera-
tional characteristics and flexibility to increase output on-demand, while variable renewable
generation units increase generation output with the empirical resource availability specified
by γ(i,r,o),ω and described in Eq. (22d) (i.e., ρω = 1).

To enforce ramp rate constraints across representative time periods, we use the set C
as defined in Eq. (3) to map representative time days to an appropriate sequence within a
calendar year of operations. We then apply constraints that limit the change in generation
output between the final hour of a representative day (here O, or 24 in our case for day c−1)
to the first hour of the subsequent day (with respect to the represented calendar sequence)
(hour 1 in day c). These take the form
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ΓP(i,c,1),ω − ΓP(i,c−1,O),ω ≤ uωρω(ν(i,c,1),ω − ν+
(i,c,1),ω)

. . .+ uωmin{Γω,max{Γω, ρω}}ν+
(i,c,1),ω − uωΓων

−
(i,c,1),ω

∀i ∈ I, c ∈ C, ω ∈ Ω, (24a)

ΓP(i,c−1,O),ω − ΓP(i,c,1),ω ≤ uωρω(ν(i,c,1),ω − ν+
(i,c,1),ω)

. . .+ uωmin{Γω,max{Γω, ρω}}ν−(i,c,1),ω − uωΓων
+
(i,c,1),ω

∀i ∈ I, c ∈ C, ω ∈ Ω. (24b)

Next, we develop a novel approach to represent constraints on the minimum up-time υ
[hours] and down-time υ [hours] for generators in adjacent representative time periods. To
dynamically accommodate minimum up- or down-times that exceed the length of multiple
representative time periods, we define two vectors:

Ỹ =

(
0︸︷︷︸

O times

1︸︷︷︸
O times

... W︸︷︷︸
O times

)
, X̃ =

(
O O − 1 ... 1

)
︸ ︷︷ ︸

W times

. (25)

The above vectors are used to express constraints that involve any required number of
previous time periods, depending on the relative magnitude of O and υ or υ. Ỹ dynamically
identifies the representative time period r ∈ R to which to apply the constraint, and X̃
identifies the position o ∈ O within the representative time period. For this purpose, W ∈ N
is a natural number greater than the largest number of representative time periods required
to cast the constraint across to accommodate the up/down-time, or W ≥ max{υ,υ}

O
. The

minimum up- and down- time constraints are then

ν(i,c,o),ω ≥
∑

k∈[υω ]

νi, c− Ỹk−o+O, X̃k−o+O, ω
+ ∀(i, o),∈ (I × O) , ∀c ∈ C, (26a)

mi,ω − ν(i,c,o),ω ≥
∑

k∈[υω ]

ν−
i,c−Ỹk−o+O,X̃k−o+O,ω

∀(i, o) ∈ (I × O) , ∀c ∈ C. (26b)

The minimum up-time constraint given in Eq. (26a) bounds the number ν of units
committed in every operational time step from below by the number ν+ of units started
up across the previous υ hourly time steps. In other words, any units that are started up
must remain committed for at least υ hourly time steps. Similarly, the minimum down-time
constraint given in Eq. (26b) computes the number of units offline, i.e., those not committed,
in a given time step as the difference between units that exist during this investment period,
i.e., mi,x, and committed units ν. The number of units offline must be equal to or greater
than the number of units shut-down ν− across the preceding υ hourly time steps. Note that
depending on the number and sequence of representative time periods, some constraints
specified by Eq. (24) and Eq. (26) may be identical, and could be automatically removed
from the optimization during pre-solve.
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3.5. Gas system operational decisions

Here we describe the models we use to reflect operational decision-making for natural
gas transmission. The natural gas pipeline constraints are given in steady-state for each
operational time period r ∈ R, because practical decision making for gas systems is done
assuming balancing of supplies and consumption on a daily time-scale. The compressibility
of natural gas enables operations that use “line-pack” and renders instantaneous balancing
of injections into and withdrawals from a pipeline system unnecessary. We describe the
physical flow modeling as well as the engineering and operating constraints for natural gas
delivery systems below.

3.5.1. Gas flow constraints

We use a form of the gas flow equations taken in a previous study on integrated power and
natural gas system operations [71]. The flow of gas through a pressurized network of pipes
is governed by coupled partial differential equations for mass conservation and momentum
conservation, given by:

∂Q

∂x
+

πD2

4RCH4TZρ0

· ∂p

∂t
= 0, (27a)

π2D5

16fRCH4TstdZρ2
0

· ∂p

∂x
+Q|Q| = 0. (27b)

In the above equations that relate pressure p and flow Q, we assume an ideal gas equation of
state. The parameters include the diameter D [m], specific gas constant for methane RCH4

[J/kg-K], gas temperature T [◦K], gas compressibility Z, pipeline length L [m], friction factor
f , standard temperature Tstd = 300 [◦K], and gas density at standard conditions ρ0 [kg/m3].
In steady-state, gas flow on an edge e ∈ EG directed from node n ∈ NG to m ∈ NG is then
represented by a single algebraic momentum conservation equation

Qe|Qe| =
Ke

Le
(p2
n − p2

m) where Ke =
π2D5

e

16feRCH4TSTPZρ
2
0

. (28)

In the above flow equation, the diameter De and friction factor fe depend on the pipeline
segment e, so that the coefficient Ke is edge dependent. The nodal pressures Pn and Pm
are given in units of Pa, and Qe is molar flow of gas in units of standard m3/s. Eq. (28)
can be defined over the entire network using the incidence matrix of the graph. We also
wish to reproduce the physical gas flow constraints for all operational time periods i.e.,
∀(i, r) ∈ (I ×R). Because flow is a function of squared pressure, we can replace the term
p2
n for each node n ∈ NG with squared pressure decision variables defined as Πn in units of

Pa2. We therefore use the physical flow constraint
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Q(i,r),e|Q(i,r),e| = Ke

∑

n∈NG

AGn,eΠn ∀(i, r) ∈ (I ×R) , ∀e ∈ EG. (29)

The squared pressure variables are constrained by maximum and minimum values for each
node,

Πn ≤ Π(i,r),n ≤ Πn ∀(i, r) ∈ (I ×R) , ∀n ∈ NG, (30)

and the gas flow rates at every evaluated time point Q(i,r),e are constrained by minimum and
maximum values for each edge according to

−Qe ≤ Q(i,r),e ≤ Qe ∀(i, r) ∈ (I ×R) , ∀e ∈ EG. (31)

Henceforth, we will work with the relation (29) for physical gas flow.
We suppose that each directed pipeline segment that is represented by an edge e ∈ EG in

the gas network may or may not have a compressor at its start node. Here, we introduce an
auxiliary pressure squared variable, Π̂(i,r),e ∀e ∈ EG, to allow for pressure boosting to occur
at the start of a pipeline. This compression pressure for each edge is constrained to be no
less than the nodal pressure Π(i,r),n at the start node, and no greater than the product of the
same pressure and the maximum compression ratio αe of this compressor. In the case where
the pipeline does not possess a compressor at its start node, the maximum compression ratio
is αe = 1, so in effect the auxiliary compression pressure variable is constrained to equal
the nodal pressure at the start node. To define the required constraints, we use indicator
functions to identify the start and end nodes for each edge using the nodal-edge incidence
matrix AGn,e defined in Eq. (2). For an edge e ∈ EG that is directed from start node n ∈ NG
to end node m ∈ NG, the start node is identified using {1|AGn,e = 1} and the exit node is
identified using {1|AGn,e = −1}. The constraints then take the form

Π̂(i,r),e ≤ αe
∑

n∈NG

{1|AGn,e = 1}Π(i,r),n ∀(i, r) ∈ (I ×R) , e ∈ EG, (32a)

Π̂(i,r),e ≥
∑

n∈NG

{1|AGn,e = 1}Π(i,r),n ∀(i, r) ∈ (I ×R) , e ∈ EG. (32b)

Generalizing the gas flow equation to apply to edges with and without compressors, the
square of the gas flow is a function of the difference between the squared pressure Π̂(i,r),e at
the start node and the squared pressure {1|AGn,e = −1}Π(i,r),n at the end node, resulting in
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the constraint

Q(i,r),e|Q(i,r),e| = Ke

(
Π̂(i,r),e −

∑

n∈NG

{1|AGn,e = −1}Π(i,r),n

)

∀(i, r) ∈ (I ×R) , e ∈ EG. (33)

Because flow directions are not known a priori, Eq. (33) is non-convex [36]. To handle the
non-convexity and enable the use of relaxed mixed-integer programming formulations, we
introduce binary variables y(i,r),e ∈ {0, 1} that indicate the gas flow direction relative to the
nominal flow direction assigned in the nodal-branch incidence matrix AGn,e. This enables the
application of disjunctive constraints that depend on flow direction:

y(i,r),e =

{
1 if Q(i,r),e ≥ 0

0 otherwise
∀(i, r) ∈ (I ×R) , e ∈ EG, (34a)

(y(i,r),e − 1)Qe ≤ Q(i,r),e ≤ y(i,r),eQe ∀(i, r) ∈ (I ×R) , e ∈ EG. (34b)

The binary variables are also included into the physical flow equation, in order to define the
sign of the pressure drop across each pipeline, relative to the nominal direction indicated in
AGn,e. This results in a straightforward, non-negative quadratic expression of gas flow:

Q2
(i,r),e= (2y(i,r),e − 1)Ke

(
Π̂(i,r),e−

∑

n∈NG

{1|AGn,e = −1}Π(i,r),n

)

∀(i, r) ∈ (I ×R) , e ∈ EG. (35)

Furthermore, we employ a McCormick relaxation to convexify Eq. (35). This is a well-
known convex relaxation used by Borraz-Sanchez, et al. (2016) to represent steady-state gas
flows in a pipeline network with unknown flow directions [41].

The McCormick relaxation is used to represent a product of two variables x and y by
an auxiliary variable λ that is delimited within an envelope 〈x, y〉Mc, which is defined by
a collection of inequalities that involve the maximum and minimum possible values for x,
given by x and x, as well as y, given by y and y. The McCormick relaxation is then given
by the constraint set

λ ≤ xy + xy − xy, (36a)

λ ≤ xy + xy − xy, (36b)

λ ≥ xy + xy − xy, (36c)

λ ≥ xy + xy − xy, (36d)

which will tightly constrain λ = xy, in cases where x or y are binomial variables.
We employ the above formulation to represent the product in Eq. (35). Here, x =
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(2y(i,r),e−1) has an upper bound of x = 1 and a lower bound x = −1.

Similarly, y =
(

Π̂(i,r),e−
∑

n∈NG
{1|AGn,e = −1}Π(i,r),n

)
has an upper bound y =

(
Π− Π

)

and lower bound y =
(
Π− Π

)
. This fully specifies the above constraint set as defined in Eq.

(36), and can be used in concert with the equality constraint to represent Eq. (35) by the
relaxed constraint set

Q2
(i,r),e = Keλ(i,r),e ∀(i, r) ∈ (I×R) , e ∈ EG, (37)

λ(i,r),e∈
〈

2y(i,r),e−1,

(
Π̂(i,r),e−

∑

n∈NG

{1|AGn,e = −1}Π(i,r),n

)〉Mc

∀(i, r) ∈ (I×R) , e ∈ EG. (38)

Applying the above approach, Eq. (35) can be fully convexified using Eq. (38) as defined
by Eq. (36) and by relaxing the equality in Eq. (37) to

Q2
(i,r),e ≤ Keλ(i,r),e ∀(i, r) ∈ (I ×R) , e ∈ EG. (39)

The above constraints can be used in a convex quadratic programming formulation. Finally,
to ensure a unique solution, we enforce a slack node pressure at the designated slack node
N:

Π(i,r),N = Π̃ ∀(i, r) ∈ (I ×R). (40)

Note that in the above mathematical formulation, we assume that (for the purposes of gas
flow simulation) the gas mixture in the pipeline will have the attributes of methane (CH4).
For planning purposes, this is an acceptable simplification to simulate the multi-component
gaseous flow through a pipeline.

3.5.2. Gas energy balance

Next, we note that gaseous fuels vary in energy content depending on their molar com-
position. Net-zero emissions gases, in particular, could range from synthetic natural gas
drop-in substitutes to pure hydrogen. Gas customers will have appliances and equipment
tuned to operate using gas that satisfies adopted pipeline specifications or is broadly aligned
with historical deliveries. We use the proposed model to illustrate the potential effect of gas
quality or hydrogen blending constraints on the least-cost resource expansion and system
operation decisions. In order to enable such gas quality constraints, and to approximate the
flow of gases in the networked system, we introduce a set of gas components g ∈ G each with
an associated molar weight Mg [kg/kmol] and energy content xg [MJ/kg].

Each potential source of gas in the system is parameterized by a set of mole fractions for
each component g ∈ G, for nodal fossil natural gas supplies χGn,g [%], for gas storage resources
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χSs,g [%], and for net-zero emissions gas supplies χZz,g [%]. Local natural gas supplies at each
node ΓG(i,r),n [MW] are assumed to be of a fixed composition indicated by the parameters χGn,g
[%]. These gas injections are constrained to remain below the maximum local production
capability or import at the boundary “slack” node Sn [MW]:

ΓG(i,r),n ≤ Sn ∀(i, r) ∈ (I ×R) , ∀n ∈ NG. (41)

Additionally, in order to avoid introducing component tracking for gas storage reservoirs (and
the associated computational burden), we assume that these resources charge and discharge
the same gas composition χSs,g [%] as fossil natural gas available at the slack node χGn,g [%].

Decision variables are included to track the nominal flows q(i,r),e,g [kmol/sec] and nodal
off-takes φ(i,r,o),n,g [kmol/sec] across the system. All gas component flows must be in the
same direction as the natural gas flow on each pipeline, and local gas component deliveries
must be non-negative. These constraints are specified as

(y(i,r),e − 1)Qe ≤ q(i,r),e,g ≤ y(i,r),eQe ∀(i, r) ∈ (I ×R) , e ∈ EG, g ∈ G, (42a)

φ(i,r),n,g ≥ 0 ∀(i, r) ∈ (I ×R) , n ∈ NG, g ∈ G. (42b)

The sum of all nominal molar gas flows q(i,r),e,g (by their molar mass Mg) must equal the
total mass flow implicated by the gas flow Q(i,r),e [standard m3/sec], adjusted to a mass-basis
using the number of moles occupied by a m3 at standard conditions (Vm = 40.87 [moles/m3])
and the molar mass of methane MCH4 [kg/mole] (as originally employed in estimating the
physical parameters of steady-state gas pipeline network operation):

∑

g∈G
Mgq(i,r),e,g = Q(i,r),e(MCH4Vm) ∀(i, r) ∈ (I ×R) , e ∈ EG. (43)

Similarly, the sum of all nominal molar gas component deliveries φ(i,r,o),n,g [kmol/sec] by
their molar mass Mg [kg/kmol] and energy content xg [MJ/kg] must equal total consumption
of gaseous energy at every node:

∑

g∈G
xgMgφ(i,r,o),n,g =

(
ΦG

(i,r,o),n +
∑

ω∈ΩG∩Ωn

ηωΓP(i,r,o),ω

)
∀(i, r, o) ∈ T , n ∈ NG. (44)

The total consumption is assessed as total core gas demands ΦG
(i,r,o),n [MW] plus any gas

used for electricity generation ηωΓP(i,r,o),ω [MW].
A molar balance for every gas component is enforced at every gas node, accounting for

local nominal off-takes, local production, and any transfers:

χGn,g
Mnxn

ΓG(i,r),n +
∑

z∈Zn

χZz,g
Mzxz

ΓZ(i,r,o),z +
∑

s∈SG∩Sn

χSs,g
Msxs

(
ψ−(i,r,o),s − ψ+

(i,r,o),s

)

= φ(i,r,o),n,g +
∑

e∈EG
AGn,eq(i,r),e,g ∀(i, r, o) ∈ T , g ∈ G, ∀n ∈ NG. (45)

where the molar weight Mz [kg/kmol] and energy content xz [MJ/kg] of gas produced by
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each potential gas supply is computed using the mole fraction composition χz,g [%] as:

Mz =
∑

g∈G
Mgχz,g ∀z ∈ Z ∪ SG ∪NG, (46a)

xz =

∑
g∈G xgMgχz,g

Mz

∀z ∈ Z ∪ SG ∪NG. (46b)

Finally, the total energy balance is enforced at every gas node. The energy balance
constraints are defined to ensure that modeled operations are feasible in steady-state across
each representative time period (day in our case), i.e., ∀(i, r) ∈ (I ×R). Local natural gas
supplies ΓG(i,r),n [MW] less net gaseous energy outflows must be equal to the average gas

demands of utility customers ΦG
(i,r,o),n [MW], generators ηωΓP(i,r,o),ω [MW] and net charging

to gas storage (ψ+
(i,r,o),s − ψ−(i,r,o),s) [MW], less any local production ΓZ(i,r,o),z [MW] of net-zero

emissions gases. This constraint is given by

ΓG(i,r),n −
∑

g∈G

∑

e∈EG
AGn,exgMgq(i,r),e,g

− 1

O

∑

o∈O

(
ΦG

(i,r,o),n +
∑

ω∈ΩG∩Ωn

ηωΓP(i,r,o),ω +
∑

s∈SG∩Sn

(
ψ+

(i,r,o),s − ψ−(i,r,o),s
))

+
1

O

∑

o∈O

∑

z∈Zn

ΓZ(i,r,o),z = 0 ∀(i, r) ∈ (I ×R) , n ∈ NG. (47)

In Eq. (47), Zn denotes the set of net-zero emissions gas production units at a node n ∈ NG.
Note that differently from the electricity system, supply must equal demand in the gas
system only at the daily level, not with the hourly frequency of the electric grid energy
supply-demand balance.

The modeling framework allows users to select one of three constraint formulations for
ensuring acceptable gas quality. First, in the least-constrained case, we impose no addi-
tional restrictions on the blending of different gas components. Second, we impose annual,
system-wide restrictions on production of gas components that may experience infrastruc-
tural limits on blending governed by materials constraints in gas transmission, distribution,
and consumption infrastructure. This ensures, for example, that the amount of hydrogen
delivered for consumption by the system across the modeled investment year does not exceed
the maximum mole fraction acceptable by existing infrastructure. The constraint is given as

∑

r∈R
w(i,r)

∑

o∈O

∑

n∈NG

φ(i,r,o),n,g ≤ χg
∑

r∈R
w(i,r)

∑

o∈O

∑

n∈NG

∑

f∈G
φ(i,r,o),n,f ∀i ∈ I. (48)

Third, the most restrictive gas quality formulation applies gas quality constraints across
every simulated operational day, for each node and transmission pipeline. Every nominal
flow q(i,r),e,g [kmol/sec] must be constrained to abide by molar blend limitations governed by
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materials considerations in transmission infrastructure.

q(i,r),e,g ≤ χg
∑

f∈G
q(i,r),e,f + (1− y(i,r),e)Qe ∀(i, r)∈(I×R) , g∈G, e∈EG (49a)

q(i,r),e,g ≥ χg
∑

f∈G
q(i,r),e,f − y(i,r),eQe ∀(i, r) ∈ (I ×R) , g ∈ G, e ∈ EG (49b)

In addition, maximum and minimum heating value constraints are implemented by ensuring
that the total molar off-take at any node is within acceptable bounds, relative to the total
energy delivered:

x
∑

g∈G
Mgφ(i,r,o),n,g ≤

∑

g∈G
xgφ(i,r,o),n,g ≤ x

∑

g∈G
Mgφ(i,r,o),n,g

∀(i, r, o) ∈ T , n ∈ NG. (50)

This simplified version of the gas quality tracking problem does not enforce mixing at
every node. However, this approach does ensure that no transmission interchange or delivered
gas composition will ever exceed the guidelines. As long as permissible blend fractions are
small, we do not expect this to meaningfully impact the physics of gas flow. Further, as long
as the maximum permissible blend fraction of hydrogen is uniform across the network, there
should be no obtainable objective function improvement by deviating from a well-mixed
solution to preferentially transport hydrogen to particular nodes on the network.

3.6. Energy storage operational decisions

Energy storage units can be used to balance time-varying energy supplies and demands
in dynamic systems. Historically, the natural gas industry has leveraged geologic gas stor-
age fields to satisfy large seasonal swings in gas demand without commensurate cycles in
gas extraction and processing [72, 73]. In the electric power sector, the majority of energy
storage takes the form of hydroelectric generators, which can capture and control geophys-
ical flows of water with reservoirs to generate electricity. However, increasing electricity
generation from weather-dependent renewable energy supplies will likely require a suite of
new electrochemical, gravitational, or thermal energy storage units to smooth out real-time
fluctuations in generation and to shift bulk energy generation from periods of abundance to
scarcity periods on diurnal, weekly, multi-weekly, and possibly seasonal time scales. Here,
we introduce two sets of electrical and gaseous energy storage units, denoted by SP and
SG, respectively. Constraints are required to track the state of charge of each storage re-
source, based on charge and discharge dispatch decisions across the simulated operational
time horizon and technology efficiency characteristics. These constraints are expressed as
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Ψ(i,r,o+1),s = Ψ(i,r,o),s + η+
s ψ

+
(i,r,o),s −

ψ−(i,r,o),s
η−s

− ηlsΨ(i,r,o),s

∀(i, r, o) ∈ T , s ∈ SP ∪ SG, (51a)

Ψ(i,r,o),s ≤ dsusmi,s

∀(i, r, o) ∈ T , s ∈ SP ∪ SG. (51b)

Eq. (51a) tracks the amount of energy in storage at the end of each time step Ψ(i, r, o+ 1), s
by incrementing or decrementing the state of charge Ψ(i,r,o),s from the previous time step by
any charging ψ+

(i,r,o),s or discharging ψ−(i,r,o),s dispatch, adjusted by the respective charging

and discharging efficiencies η+
s , η

−
s [%]. An hourly loss rate ηls [%/hour] is also applied to the

amount of energy in storage during the previous time step (e.g., battery self-discharge). Eq.
(51b) constrains the amount of energy stored to not exceed the maximum energy capacity of
the storage resource (i.e., the duration ds [h] by the unit size us [MW/unit] by the number
of units in operation during the present investment period, given by mi,s [units].

Here, we model gas and electrical energy storage units with the same constraint set but
note that this abstracts away important transient features of gas storage operation as identi-
fied by [73]. To conservatively model gas storage operating dynamics, we include constraints
that require a constant charge/discharge rate for the duration of each representative day:

ψ+
(i,r,o),s = ψ+

(i,r,o+1),s ∀(i, r, o) ∈ T , s ∈ SG, (52a)

ψ−(i,r,o),s = ψ−(i,r,o+1),s ∀(i, r, o) ∈ T , ∀s ∈ SG. (52b)

However, more complex models for gas storage operation can be accommodated by the
proposed model formulation in future work.

A constraint set is also necessary to bound the charge and discharge capabilities based on
nameplate installed power capacity and technology efficiency characteristics (i.e., constraints
on power rates [MW], not energy [MWh]). Here, we ensure that the storage charge rate does
not exceed the permissible range, which is limited by the installed nameplate storage power
capacity [MW] and the total remaining energy capacity in the storage resource. These limits
are given by

ψ+
(i,r,o),s ≤

1

η+
s

usmi,s ∀(i, r, o) ∈ T , s ∈ SP ∪ SG, (53a)

ψ+
(i,r,o),s ≤ dsusmi,s −Ψ(i,r,o),s ∀(i, r, o) ∈ T , s ∈ SP ∪ SG. (53b)

Installed storage power capacity is calculated in Eq. (53a) by applying the unit size us (in
units of maximum instantaneous power output MWelec for electrical storage and MWth for
gas storage) to the number of units in operation during the current investment time period
mi,s. Eq. (53b) further constrains the charging to the installed energy storage capacity.
Next, we similarly ensure that the storage discharge rate does not exceed the permissible
range, which is limited by the installed nameplate storage power capacity as well as the
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amount of energy in storage using the following constraints:

ψ−(i,r,o),s ≤ η−s usmi,s ∀(i, r, o) ∈ T , s ∈ SP ∪ SG, (54a)

ψ−(i,r,o),s ≤ Ψ(i,r,o),s ∀(i, r, o) ∈ T , ∈ SP ∪ SG. (54b)

Finally, because storage units are modeled as continuous, they may represent multiple
discrete storage units with some charging and some discharging simultaneously. As such, we
must constrain the total amount of storage power capacity used for charging and discharging
simultaneously, to ensure this value does not exceed the installed power capacity. This
constraint is formulated as

1

η−s
ψ−(i,r,o),s + η+

s ψ
+
(i,r,o),s ≤ usmi,s ∀(i, r, o) ∈ T , s ∈ SP ∪ SG. (55)

In deeply-decarbonized energy systems, long-duration and seasonal energy storage may
also have a role to play in managing seasonal availability of solar and wind generation [74].
However, as described in Section 3.2, co-optimization of design and operational decision vari-
ables may require simulation of operations for only a subset of representative time periods.
The discrete nature of these selected time periods generally prohibits transfer of energy be-
tween simulated representative time periods. However, some selected periods may represent
times of surplus where energy storage units should experience net inflows of energy to be
available during other represented periods during times of scarcity.

Inspired by approaches previously described by [63, 75, 76], we include constraints to
track cumulative, sequential state of charge across the full time series using the subset of
simulated, representative time periods r ∈ R, as mapped to their sequence in a calendar
year C (as described in Eq. (3)). This sequential state of charge variable is defined for each
storage resource as Υc,s [MWh] by

Υc,s = Ψi,σ(1),1,s +
∑

k∈[c]

(Ψi,σ(k),O,s −Ψi,σ(k),1,s) ∀c ∈ C, s ∈ SP ∪ SG. (56)

Here, we compute the cumulative, sequential state of charge Υc,s at the end of each opera-
tional time period in the full calendar sequence of periods simulated. This value is equal to
the initial state of charge Ψi,σ(1),1,s plus the net change in energy stored (Ψi,σ(k),O,s−Ψi,σ(k),1,s)
summed across all preceding operational time periods in the calendar sequence. Recall that
σ(k) indicates the representative day r ∈ R that is associated with position k in the rep-
resented calendar sequence C. In this way, Eq. (56) computes the state of charge at the
transition between each representative period in sequence.

We also include constraints to ensure storage charge and discharge behavior over the
course of each representative period would not violate maximum energy capacity when
mapped to the cumulative, sequential state of charge variable. In other words, if we were
to compute Υc,s at every operational time step, rather than at the transition between each
operational time period, this value must remain between zero and the installed storage en-

27

                  



ergy capacity. We do this by including auxiliary variables to first identify the maximum and
minimum nominal states of charge, Ψ(i,r),s and Ψ(i,r),s, respectively, which are accessed over
the course of each simulated representative period:

Ψ(i,r),s ≤ Ψ(i,r,o),s ∀(i, r, o) ∈ T , s ∈ SP ∪ SG, (57a)

Ψ(i,r),s ≥ Ψ(i,r,o),s ∀(i, r, o) ∈ T , s ∈ SP ∪ SG. (57b)

Next, we implement constraints on Υc,s to delimit its value to the permissible range,
using the difference between the nominal initial storage state of charge Ψi,σ(c+1),1,s and the
maximum and minimum states accessed:

Υc,s + (Ψi,σ(c+1),s −Ψi,σ(c+1),1,s) ≤ dsusmi,s ∀c ∈ C, s ∈ SP ∪ SG, (58a)

Υc,s − (Ψi,σ(c+1),1,s −Ψi,σ(c+1),s) ≥ 0 ∀c ∈ C, s ∈ SP ∪ SG. (58b)

In Eq. (58a), the cumulative, sequential state of charge, plus any deviation to the maximum
nominal state of charge accessed across the following representative period (i.e., Ψi,σ(c+1),s−
Ψi,σ(c+1),1,s) must not exceed the installed storage energy capacity. Here, again, the total
energy capacity is calculated by multiplying the storage duration ds by unit size us and by
the cumulative number of installed (and not retired) units i.e., mi,s. Similarly, in Eq. (58b),
Υc,s, less the deviation to the minimum nominal state of charge accessed over the course of
the following representative period (i.e., Ψi,σ(c+1),1,s−Ψi,σ(c+1),s), must remain non-negative.

Finally, we apply periodicity constraints to ensure that the final cumulative, sequential
state of charge Ψ‖C‖,s is greater than or equal to the initial energy in storage ∆i,σ(1),1,s. This
constraint applies for each modeled investment year. This requirement is

Υ‖C‖,s ≥ Ψi,σ(1),1,s ∀(i, r, o) ∈ T , s ∈ SP ∪ SG. (59)

3.7. Policy and economic constraints

In addition to constraints on energy network operations and design, which have been ex-
amined in various optimization formulations in previous studies, here we include constraints
that reflect specific policies and regulations that may arise in future scenarios. Gas and
electric utilities may be subjected to unique GHG accounting conventions and regulatory
constraints. The relative scope, magnitude, and pace of these environmental targets may
govern the least-cost investment strategy. In the proposed model formulation, constraints

on GHG emissions are included separately for the electricity sector β
P

i and gas sector β
G

i

on an emissions-intensity basis, in terms of net GHG emissions per unit of energy delivered
[ tCO2e

MWh
].

Electric power entities are liable for all emissions associated with generation of electricity,
less any net-zero emissions gas that is procured by electricity sector entities. Gas sector
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entities are liable only for the emissions associated with combustion of natural gas distributed
to serve direct-use gas demands.

Finally, slack variables are included to allow for violation of this constraint set at a fixed
cost in the objective function for the power sector εPi and the gas sector εGi . This model
feature can be used for a range of sensitivity testing and allows for emissions costing repre-
sentative of either negative emissions technologies for atmospheric carbon removal, a social
cost of carbon, or a prohibitively high value to allow model feasibility under scenarios where
emissions constraints would make the problem infeasible. For simplicity of explanation, we
will refer to these slack variables as use of negative emissions technologies for atmospheric
carbon removal.

εPi ≥ 0, εGi ≥ 0 ∀i ∈ I (60)

This constraint set evaluates these criteria over entire investment periods, and is formu-
lated as

∑

r∈R

∑

o∈O

∑

ω∈Ω

w(i,r)Γ
P
(i,r,o),ωηωβω − βGξPi ≤ β

P

i

∑

r∈R

∑

o∈O

∑

ω∈Ω

w(i,r)Γ
P
(i,r,o),ω + εPi

∀i ∈ I, (61a)

βG

(∑

r∈R

∑

o∈O

∑

n∈NG

w(i,r)Φ
G
(i,r,o),n − ξGi

)
≤ β

G

i

∑

r∈R

∑

o∈O

∑

n∈NG

w(i,r)Φ
G
(i,r,o),n + εGi

∀i ∈ I. (61b)

Emissions from electricity generation are assessed using generator output ΓP(i,r,o),ω [MWh/hr],

heat rate ηω [MMBtu/MWh], and fuel emissions factor βω [kg·CO2e/MMBtu]. Nominal allo-
cation of net-zero emissions gas production ξPi [MWh/year] can be used to offset some of the
emissions of gas use in generation at the emissions factor of natural gas βG [kg·CO2e/MWh].
The emissions intensity for electricity is assessed with respect to total generation (including
electricity used to produce electro-fuels such as electrolytic hydrogen or electro-methane)

and must remain below the constraint for the investment time period β
P

i [kg·CO2e/MWh],
plus any negative emissions offsets εPi .

Gas sector entities are liable for the emissions associated with combustion of natural gas
distributed to serve direct-use gas demands ΦG

(i,r,o),n [MWh/hr], assessed at the emissions

factor of natural gas βG [kg·CO2e/MWh], less any gas sector net-zero emissions gas procure-
ments ξGi [MWh/year]. Any emissions from natural gas used for electricity generation are
accounted for on the power sector constraint (Eq. (61a)). The emissions intensity of the de-
livered portfolio is assessed with respect to the core gas demands served and must not exceed

the maximum allowable emissions intensity for each investment period β
G

i [kg·CO2e/MWh],
plus any negative emissions offsets or atmospheric carbon removal εGi .

To support the allocation of emissions liabilities across energy systems, total net-zero
emissions fuel production must be nominally allocated to either gas or electricity sector en-
tities to offset emissions liabilities resulting from gaseous fuel combustion. This is stipulated

29

                  



by the following constraints:

ξGi ≥ 0, ξPi ≥ 0 ∀i ∈ I, (62a)

ξGi + ξPi ≤
∑

r∈R

∑

o∈O

∑

z∈Z
w(i,r)Γ

Z
(i,r,o),z ∀i ∈ I, (62b)

ξPi ≤
∑

r∈R

∑

o∈O

∑

ω∈ΩG

w(i,r)Γ
P
(i,r,o),ωηω ∀i ∈ I, (62c)

ξGi ≤
∑

r∈R

∑

o∈O

∑

n∈NG

w(i,r)Φ
G
(i,r,o),n ∀i ∈ I. (62d)

Eq. (62a) introduces two non-negative decision variables for nominal allocation of net-zero
emissions fuel use to the electricity and the gas sectors, denoted by ξPi and ξGi , respectively.
Eq. (62b) constrains the sum of allocations to remain below total net-zero emissions fuel
production ΓZ(i,r,o),z. Eq. (62c) ensures electricity sector allocation ξPi [MWh/year] does not

exceed use in gas-fired generators ΩG ⊂ Ω, and Eq. (62d) requires that gas sector allocation
ξGi [MWh/year] does not exceed the endogenously assessed gas demands served ΦG

(i,r,o),n

[MWh/year].
In addition to constraints on the rate of expansion included in Eq. (5), some bio-energy

resources may experience economic limitations on annual supply because of competition with
non-modeled end-uses such as liquid fuels for transportation. We include such constraints on
biomethane facilities (z ∈ Zb) to limit total annual biomethane use to an assumed maximum
availability b [MWh/year], using equation

∑

r∈R

∑

o∈O

∑

z∈Zb

w(i,r)Γ
Z
(i,r,o),z ≤ B ∀i ∈ I. (63)

3.8. Objective function

The objective function to be minimized in multi-period system planning is equal to
the sum of the fixed costs of investment, the fixed costs of incremental transmission and
distribution infrastructure, and the variable costs of system operation.

3.8.1. Fixed investment costs

The fixed investment costs are computed by summing the annualized fixed costs for the
integrated energy system, given by

Cexp
i =

∑

j∈[i]

∑

x∈X

(
κxC

cap
j,x δj,x{1|Yi ≥ Yj + τx}+ CFOM

i,x mi,x

)
∀i ∈ I. (64)

This term includes the annualized capital costs of expanded units Ccap
j,x , the fixed operations

and maintenance costs CFOM
i,x .

30

                  



Here, we use a capital recovery factor κx [year−1]. Capital recovery factors are calculated
for each resource using the economic lifetime τx and a weighted average cost of capital ιWACC :

κx =
ιWACC(1 + ιWACC)τx

(1 + ιWACC)τx − 1
∀x ∈ X . (65)

Here, we also include the customer costs of any building infrastructure upgrades required
to accommodate the transition to electric appliances (e.g., meter or electrical panel upgrades,
re-wiring, or building envelope retrofits). These costs are incurred only upon the first in-
stallation of a new piece of equipment and not on replacement investment decisions. As
such, this is a variable bound below by the number of new installs that do not represent
replacement of incremental appliance-failures occurring across from the previous investment
year.

Cb
i ≥ 0 ∀i ∈ I (66a)

Cb
i ≥

∑

a∈A
cbi,a


δi,a −

∑

j∈[i]

(fi,a,j − fi−1,a,j)δj,a


 ∀i ∈ I (66b)

The new appliance sales δi,a are adjusted downward by the number of new sales that may
represent like-for-like replacements based on the failures of previously installed appliances
of this kind. We sum across all previous investment years and take the difference between
the cumulative failure fraction in the current investment year fi,a,j and that of the preceding
investment year fi−1,a,j and assume that this quantity of new appliance sales would not
require the associated building infrastructure costs cbi,a having already incurred this cost in
a previous modeled investment year.

3.8.2. Fixed infrastructure costs

Planning and operational decisions may incur fixed transmission and distribution infras-
tructure costs. We compute the fixed infrastructure costs,

Cinf
i = Cpeak

∑

n∈NP

(Φ
P

i,n −maxroΦ̂
P
(i,r,o),n) +

∑

n∈NG

Cdist
n ∀i ∈ I, (67)

as the sum of fixed re-investment and maintenance costs for electricity and gas transmission
and distribution systems. Here, we use an assumed cost of distribution infrastructure Cpeak

[$/MW-yr] that scales with the peak electricity demand of the system. The peak hourly

demand at the nodal level Φ
P

i,n [MW] is the maximum of all modeled temporal demands
ΦP

(i,r,o),n, and satisfies

Φ
P

i,n ≥ ΦP
(i,r,o),n ∀(i, r, o) ∈ T , n ∈ NP . (68)

The cost of gas distribution system maintenance and operations Cdist
n [$/node-yr] is also

included for each node and scales with the number of residential or commercial customers
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served at that node.

3.8.3. Operational costs

Eq. (69) assesses the annual variable costs Cop
i for the set of simulated operations, using

the representative weight of each representative time period, w(i,r). The cost of operation

includes fuel costs Cfuel
i,ω of generation units and variable costs of operation CV OM

i,x of gen-
erators and net-zero emissions fuel production units incurred across simulated operational
time steps. The fuel costs for gas-fired generators are excluded from the fuel cost summation
as they are separately accounted for in the objective function as supplies of fossil natural
gas entering the system ΓG(i,r),n, at commodity costs of natural gas CG

i (in Eq. (69)), or the
investment and operating costs of net-zero emissions gas production units included in Eq.
(64). Here, we also include the cost of negative emissions to offset CO2 emissions exceeding
the sector-specific constraint assessed at a penalty of CCO2

i . The resulting expression is

Cop
i =

∑

r∈R

∑

o∈O
w(i,r)

∑

n∈NG

CG
i Φ̂G

(i,r,o),n +
∑

z∈Z
CV OM
i,z ΓZ(i,r,o),z

+
∑

ω∈Ω

(Cfuel
i,ω ηω + CV OM

i,ω )ΓP(i,r,o),ω

− CG
i (ξPi + ξGi ) + CCO2

i (εGi + εPi ) ∀i ∈ I. (69)

3.8.4. Present value discounting

When evaluating the objective function over investment periods that span multiple
decades, we apply a discounting factor d that represents the societal value of delaying costs.
In other words, this can be thought of as the risk-less rate of return available to capital at
the societal level, ιsoc. The discount factor for each investment period is given by:

ϑi =
∑

j∈[Yi+1−Yi]

1

(1 + ιsoc)(Yi+j−Ỹ )
∀i ∈ I. (70)

Here, we assume that each simulated investment period is representative of the annual costs
of each calendar year until the following investment period simulation.

3.9. Model outputs

Standard model outputs allow for comparison across sensitivity scenarios and regional
case studies to explore features of least-cost transitions in integrated gas-electric energy
systems. Outputs of the proposed model include the investment and operational decision
variables, total system costs, and the average costs of gaseous and electrical energy. These
model outputs are described in mathematical detail in Appendix C.
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4. Case study data

To illustrate this approach to co-optimized system planning, we extend an integrated
energy system composed of the IEEE 24-bus electricity transmission network coupled with a
25-node pipeline network from a previous study [23], which is shown in augmented form for
this study in Figure 4. We modify this system with the addition of candidate electricity gen-
erators, net-zero emissions gas sources, and energy storage units. We also explicitly model
a set of appliance-level energy demands and their candidate replacements. This illustrative
network allows us to demonstrate full model functionality and illustrate how local hetero-
geneity in energy resource availability and delivery networks can impact the cost-effective
investment decisions.
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Figure 4: Schematic of gas-electric energy system used in the computational study. Expansion candidates
are indicated at each bus (resp. junction) for the power (resp. gas) networks.

All cost assumptions are inflation adjusted to consistent 2018 USD.

4.1. Sensitivity scenarios

We use and modify the program in Eq. (1) to evaluate the least-cost decarbonization path
for two illustrative regional gas-electric networks, under two appliance-investment cases, and
three gas quality constraint formulations. All sensitivity scenarios are presented in Figure 5
with a description of model formulation adjustments adopted for each case.

First, we construct two gas-electric system load and renewable energy scenarios, repre-
sentative of two different climate regions in the United States: the Mountain Northwest, and
the Coastal Pacific regions. These two regions provide a diverse set of renewable resource
availability and final energy demand characteristics. Each system has unique energy demand
characteristics (i.e., magnitude and temporal profile). Both systems have identical candidate
units and network topology as presented in Figure 4. The model formulation presented in
Eq. (1) is solved for each system.
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Regional climate zone scenarios

Appliance stock co-optimization scenarios

Hydrogen blend limit scenarios

Cold-climate region Warm-climate region

Co-optimized appliance stockPersistence appliance stock

Daily, nodal H2 blend 

limits

Annual, system-wide H2

blend limits
No H2 blend limits

• Solves Eq. (1)

• Winter-peaking electricity demands

• Large space heating gas demands

• Solves Eq. (1)

• Summer-peaking demands

• Higher heat pump efficiencies

• Solves Eq. (1)

• Permits central planning of 

appliance investments

• Solves Eq. (1) with Eq. (15)

• Requires persistence replacement 

of legacy appliances upon failure

• Solves Eq. (1)
• Solves Eq. (1) replacing 

Eq. (41)-(44) with Eq. 

(39)

• Solves Eq. (1) replacing 

Eq. (41)-(44) with Eq. 

(39)-(40)

Figure 5: Schematic illustration of the case study scenarios explored in this analysis and the constraints
added or removed from Eq. (1)

Second, we illustrate the impact of appliance investment planning. The most restrictive
appliance-investment case assumes a fixed appliance stock, replaced on a persistence basis
to satisfy demand growth, by enforcing Eq. (15). The second scenario introduces appliance-
level investment decisions for policy-driven electrification by removing Eq. (15) from the
constraint set.

Third, we test three degrees of gas quality constraint implementation to illustrate the
impact of locational and temporal hydrogen blending limitations on the least-cost result.
The first case excludes all gas quality constraints, assuming gas infrastructure can accept
any degree of hydrogen blending. In the second case, we include Eq. (48) to ensure that
over the course of each investment year, the system-wide hydrogen injection does not exceed
acceptable blend limits. Finally, in the third case, we use the full formulation as presented in
Eq. (1). This includes gas quality constraints (Eq. (42) - (50)), introducing more granular
spatial and temporal constraints on the blending of hydrogen.

For all cases, we use high-performance computing resources in order to simulate full
representative years of operations for each of the five modeled investment periods (i.e., I =
5, R = 365, O = 24). The problem is implemented in JuMP [77], a toolkit for mathematical
programming in the Julia language [78]. The solver used is Gurobi, which can directly solve
the convex quadratic optimization problem using a second order cone programming solver
using interior point methods. The model is solved on 128 core AMD 7742 processors with 800
GB of accessible RAM. Solve times for a 24-node coupled network range from approximately
12,000 to 24,000 seconds (3-6 hours) depending on problem classification.

Because of the computational complexity of the time-extended planning and operations
co-optimization, we adopt a key modeling simplification. Specifically, we fix gas pipeline
flow directions y(i,r),e = 1. In our opinion, this is an acceptable reduction in complexity

34

                  



for demonstration of the method and to highlight broader features of such systems under
deep decarbonization constraints. However, future work should explore model reduction
techniques to allow for tractable simulation of such bi-directional gas flows (alongside detailed
representations of operations) to adapt to an evolving spatial allocation of low-carbon gas
resources. This would add a large number of binary variables and make the problem much
harder to solve.

4.2. Data

4.2.1. Energy demand

Hourly profiles for baseline electricity demands are assumed for a Mountain Northwest
(i.e., winter-peaking) and a Coastal Pacific (i.e., summer-peaking) system, using simulated
state-level electricity demands from NREL’s Electrification Futures Study (EFS) [79]. De-
mand profiles for the Mountain Northwest system are based on the aggregated state-level
profiles of Washington, Montana, and North Dakota. For the Coastal Pacific system, we
use data for California. Hourly electricity demands are normalized to average annual energy
consumption and scaled to the average nodal energy demands presented in Table B.2.

Gas distribution demands exist at eight nodes on the pipeline network. Each distribution
node is assumed to have 50,000 residential customers and 2,000 commercial customers, each
of which use gas appliances for space heating and water heating. Half of these customers are
also assumed to have gas cooking energy demands.

We assume the presence of baseline gas demands evenly distributed across the same set
of gas demand nodes that are not modeled at the appliance level. These are representative
of potential industrial or petrochemical demands that are not easily transitioned to direct-
use of electricity but may compete with other core gas demands for limited climate-neutral
resources. For this case study, these are assumed to be constant across the year such that
baseline gas demands equal 10% of system average baseline electricity demand. These initial
gas demands are characterized in Table B.3.

Legacy end-use appliances in the system include residential and commercial gas furnaces,
gas water heaters, and gas cooking. Candidate appliances include air-source heat pumps for
space heating, heat pump water heaters, and electric cooking alternatives. Total annual
energy demand estimates per household or per commercial building are based on the En-
ergy Information Administration (EIA) RECS and CBECS, respectively [80, 81], and are
presented in Appendix B (Table B.6 and Table B.7). We assume annual average gas and
electric appliances efficiencies for template class-average appliances [82, 83, 84]. We use DOE
building energy simulations to generate plausible hourly consumption profiles for space heat-
ing, water heating, and cooking appliances [85] as described in Appendix B. Further, we use
state-level simulations from [86] to generate plausible profiles for air-source heat pump op-
eration with reliance on back-up electric resistance during periods of extreme cold weather.
For the Mountain Northwest region, we use appliance demand profiles from Montana. For
the Coastal Pacific region, we use California building simulation data.

Appliance capital cost assumptions are based on a synthesis of Building Energy Opti-
mization (BEopt) data [83], commercially available technologies [87, 88, 89, 90, 91], and
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NREL’s EFS [82, 79].

4.2.2. Energy supply

Existing generation units are inspired by the IEEE 24-bus data set, including a set of
coal-fired, gas-fired, and nuclear-powered generators. These legacy generators are assumed
to retire naturally at their expected lifetime (per Eq. (6)). Candidates for generation ex-
pansion include solar photovoltaics (PV), wind turbines, and natural gas-fired combined
cycle generators equipped with carbon capture (NG-CC+CCS). Each generator type re-
quires assumptions for a range of characteristics including fuel type, heat rate, maximum
hourly ramp rate, minimum stable output, maximum stable output, minimum up time and
minimum down time, and year of entry into service (if an existing resource). Appendix B
presents the locations and characteristics of all legacy and candidate generators in the case
study network.

For hourly solar and wind availability, we use data specific to the regional system sim-
ulated. For the Mountain Northwest system, we use historical data for solar and wind
production from the Northwest region of the United States (as defined by the EIA’s Oper-
ating System Dashboard [92]). Total installed capacity for this set of balancing authorities
in 2019 is estimated from EIA Form 860 data to be 3.9 GW of solar photovoltaic and 13.9
GW of wind generating capacity. This produces annual average capacity factors for 2019 of
17.6% for solar and 25.2% for wind. In the Coastal Pacific system, we use data from the
EIA Form 930 Operating Dashboard [92] for historical solar and wind production for the
year 2019. These generation values were normalized to total installed capacity of solar (13
GW) and wind (6 GW) generators in the California Independent System Operator (CAISO)
balancing authority as reported in EIA Form 860 [93]. These sources produce an annual
average capacity factor of 24.6% for solar and 30% for wind. Assumed capital and operating
costs for electricity generators and fuel costs are referenced from the NREL’s ATB for 2020
[94].

We include three kinds of net-zero emissions gas: biomethane, electrolytic hydrogen, and
electro-methane with operating characteristics specified in Appendix B. For this case study,
we limit annual production of biomethane in the base case scenarios to not exceed 30% of
total initial core gas demands.

4.2.3. Energy storage

We model three technology options for electrical and gaseous energy storage. First, we
model a short-duration electricity storage candidate based on 4-hour duration lithium-ion
battery technology [94, 95, 96]. Candidate lithium-ion batteries exist at five nodes on the
electricity system. Second, we model a long-duration electricity storage candidate based on
electrolysis paired with underground hydrogen storage [74] and a hydrogen-fueled combined
cycle gas turbine. Long-duration electricity storage candidates are assumed to exist at
identical nodes. Legacy underground natural gas storage fields are assumed to exist at two
gas system nodes and are sized based on the average facility in the United States [97]. These
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facilities are assumed to be maintained to allow for seasonal shifting of gaseous energy, with
only modest losses from compression upon charging.

Note that electrical energy storage resources have no interaction with the gas network and
gaseous energy storage facilities have no interaction with the electric network. Therefore,
the gas grid location for electricity storage units (and the electric power grid nodal location
specified for gas storage units) does not impact results or operational behavior. All location,
sizing, cost and operating characteristic assumptions for these energy storage candidates are
described in further detail in Appendix B.

4.2.4. Transmission and distribution infrastructure

The gas and electric energy systems modeled here are test systems inspired by the IEEE
24-bus network and a illustrative 24-node gas pipeline network designed by [23]. For com-
pleteness, in Appendix B, the modeled gas pipeline network topology is described in Table
B.14 and the modeled electric grid topology is described in Table B.15.

As described in Appendix B, the incremental cost of non-modeled electricity distribution
and transmission infrastructure to serve peak demands is assumed to be $52/kWpeak-year
and $21/kWpeak-year, respectively [98]. Fixed costs of gas distribution system maintenance
are estimated based on Energy Information Administration (EIA) Form 176 filings by natural
gas distribution companies [99]. Using the distribution of 2019 data across all reporting gas
distribution utilities, we assume that fixed costs of gas distribution scale roughly with the
number of core customers on each node. In this work, we assume costs of $350 per residential
customer per year and $1,200 per commercial customer per year. This results in fixed costs
of gas distribution Cdist

n equal to $20 million per year for each of the eight gas nodes which
serve distribution-level demands.

4.2.5. Energy policy constraints

Emissions constraints on the electricity system decline from a loosely constrained emis-
sions intensity of 500 tCO2

MWh
in 2020 to a deeply decarbonized energy system bound to 0 tCO2

MWh

on a net basis in 2040. A similar proportionate trajectory is followed in the gas sector from
200 tCO2

MWh
to 0 tCO2

MWh
. This trajectory is modeled across 5 planning stages with interim targets

as outlined in Table 1. Identical emissions intensity targets are imposed across both regional
systems and for all sensitivity scenarios.

4.2.6. Present value discounting

For all capital investments, we use a weighted average cost of capital of 7% (i.e. ιWACC =
0.07). The weighted average cost of capital here represents a reasonable value for this
illustrative analysis [100]. In practice, each candidate generator, storage, or power-to-gas
resource will have a different cost of capital based on the respective share of debt and
equity financing and the level of associated technical and regulatory risk. Further, consumer
investments in appliances will experience a higher discount rate than corporate investments
with access to lower cost financing. In the objective function, we use a societal discounting
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Emissions intensity target [kgCO2/MWh]
Year Power Gas
2020 500 300
2025 200 150
2030 75 50
2035 25 15
2040 0 0

Table 1: Greenhouse gas emissions intensity targets for the evaluated investment time horizon for the network
case study.

factor of 1% (i.e., ιsoc = 0.01), reflective of the societal value of delaying costs. Sensitivity
tests can be conducted to assess the sensitivity of results to discount rate assumptions.

5. Results & discussion

In all computational case study scenarios, we find the optimal decarbonization invest-
ment plan includes a diverse set of renewable and low-emissions electricity generation sources.
These electricity supplies are complemented by development of short duration electrical en-
ergy storage to smooth out diurnal features in availability of weather-dependent generation.
To satisfy emissions constraints in the gas sector, we find biomethane resources are developed
to their fullest extent, as constrained by Eq. (63), and electrolytic hydrogen is blended to the
maximum permissible fraction, as specified by Eq. (50). In addition, in all cases, net-zero
emissions gas resources are allocated for consumption in the gas sector and by electricity
generators. Fueling carbon-capture enabled gas-fired generators with biomethane or electro-
methane results in net negative GHG emissions per unit of electricity. These arrangements
are used to offset some of the emissions resulting from imperfect carbon capture efficien-
cies and continued use of un-captured combustion turbines during times of low renewable
electricity generation.

When appliance stock co-optimization is considered alongside realistic hydrogen blending
constraints, we find that direct-electrification of nearly all current gas distribution demands
is a key feature of the optimized system plan for deep decarbonization. However, the pace,
timing, and location of appliance investments will be determined by system-specific charac-
teristics and will vary across geographies with different weather patterns or local network
topology constraints. However, we find that misleading and structurally different investment
plans can be obtained if integrated gas-electric systems are naively planned assuming a static
appliance stock or ignoring infrastructural limits on hydrogen blending.

Here, we present the results of three sensitivity scenarios. In Section 5.1, we explore the
differences between decarbonization strategies for test systems with different regional weather
conditions. Next, Section 5.2 highlights the importance of co-optimizing the distribution
of final energy demands and accounting for the natural failure and replacement cycle of
existing appliance stocks. Finally, in Section 5.3 we explore the impact of neglecting practical
infrastructure limits on hydrogen blending and acceptable gas quality.
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5.1. Regional climate zones

Regional weather patterns shape existing gas and electricity energy demands and will
affect the least-cost gas-electric system decarbonization pathway. Cost-optimal investment
decisions will be affected by the degree of coincidence of gaseous energy demands with both
the availability of renewable energy resources and the timing of the peak in existing electricity
demands. In addition, heat pump technologies for space heating perform less efficiently in
colder regions, and reliance on back-up resistance heat can create large winter peaks in
electricity demand during extreme weather events.

Mountain-Northwest Coastal-Pacific

Figure 6: Comparative results of time-extended planning optimization of a Mountain Northwest (left) and
Coastal Pacific (right) integrated energy system for capacity (top), generation (middle), and gas production
(bottom).

As depicted in Figure 6, the Coastal Pacific system relies on a larger amount of solar
capacity (paired with more investment in electricity storage). The Coastal Pacific system has
significantly lower generation capacity needs overall as the electrification of gas appliances
has a smaller impact on peak electricity demands. Figure 7 shows the week of operations
that contains each system’s peak hourly electricity demand. The Mountain Northwest peak
happens during a winter week (week 52 of the year, from December 24 to December 31]) with
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Figure 7: Comparative results of hourly electricity grid operations of a Mountain Northwest (top) and
Coastal Pacific (bottom) integrated energy system for the week with the peak electricity demand. Results
presented include appliance investment optimization. Note that the Coastal Pacific system peak occurs
during the summer, when electrified gas demands are low, whereas the Mountain Northwest system peak is
further exacerbated by electrification during a time when renewables output is low.
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low solar output which drives a large need for reserve gas-fired capacity. The Coastal Pacific
peak occurs during a late-summer week (week 34 of the year, from August 14 to August 21
with high solar availability and minimal appliance-level demands for space heating.

Figure 8 shows the appliance stock composition across the modeled investment time
horizon. Here, we see that the loading order in which appliances are optimally transitioned
from gas to electricity differs slightly between the two regions. In the Mountain Northwest
region, cooking energy demands are the first to begin the transition, while in the Coastal
Pacific region commercial space heating demands are preferentially electrified.

Mountain-Northwest Coastal-Pacific

Figure 8: Comparative results of appliance stocks for a Mountain Northwest (left) and Coastal Pacific (right)
integrated energy system. Results presented include appliance investment optimization. In both climate
regions, we find appliance electrification to be a feature of optimal decarbonization pathways. However, the
pace and sequencing of electrification investments differs depending on system characteristics.

Despite minor differences in the interim trajectory, we find the final appliance stock for
each region is nearly identical. In both cases, the residual non-electrified demands include
a portion of residential space heating demands. This could be due to a range of factors
including local transmission constraints, coincidence of these energy demands with poor
availability of renewable electricity generation, and/or the magnitude of capital costs relative
to the potential emissions reductions.

Importantly, as presented in Figure 8, we find that premature retirement of some cus-
tomer equipment is a component of the least-cost investment trajectory. In part, this may
be because investment periods are evaluated at 5-year increments, exacerbating the step-
function changes observed in the appliance stock. However, this result is illustrative of
the kinds of energy demands that may be cost-effectively transitioned without waiting for
emergency replacement at end-of-life. In the both climate cases, we find residential wa-
ter heating demands and commercial space heating demands are preferentially electrified
through premature retirements. However, a significant share of customer equipment contin-
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ues to leverage the gas system until fairly stringent emissions intensity constraints begin to
bind (and lower-cost net-zero gaseous fuel options have been fully exploited).

The pace and magnitude of appliance electrification specified by a central planner opti-
mization can be highly sensitive to system-specific characteristics. This case study presents
just one result of how the proposed modeling framework can jointly consider this array of
factors endogenously and alongside all other candidate decarbonization technologies.

5.2. Appliance investment planning

Central planning of appliance investments allows for optimized allocation of final energy
demands across energy carriers. Constraining the program to replace appliances on a persis-
tence basis illustrates how systems may be naively planned based on the current distribution
of customer equipment. In these comparative scenarios, we find the magnitude and compo-
sition of the least-cost resource mix changes depending on whether the appliance stock can
be shifted across energy carriers to satisfy emissions constraints at lower cost, as present in
Figure 9.

Under persistence appliance stock assumptions, we find gigawatts of electrolytic hydro-
gen and electro-methane units are developed to convert clean electricity to gaseous fuel for
residential and commercial demands. This scenario retains the smallest amount of flexible
thermal generation capacity, retiring all legacy generators and building the least new gas-
fired generation capacity. In this system, power-to-gas units satisfy the role of dispatchable
electricity generators to integrate gigawatts of variable renewable energy generators. Power-
to-gas units ramp flexibly to ensure demand does not exceed supply, while satisfying all gas
demands on a daily basis. This dynamic operation of power-to-gas conversion and injection
into the pipeline system is observed in Figure 10. Future work should consider more de-
tailed modeling of transient features in gas system operations to ensure the planned system
can be feasibly operated. A combination of on-site gas storage tanks and system line-pack
management will likely accommodate this flexible behavior, albeit at incremental cost.

With appliance investment optimization permitted, we find the optimal system plan
shifts most final energy demands to the electricity system to reduce the amount of net-
zero emissions gas production required. This results in a decreased need for generation
capacity, even as final electricity demand increases due to appliance electrification. We
observe more fossil fuel capacity investments in this case to satisfy electricity demand during
times of low renewable energy output. Notably, some production of electro-methane for direct
consumption remains a component of the least-cost resource mix. This result indicates that,
despite the poor conversion efficiency of power-to-gas relative to direct electrification, the
incremental fixed cost of some appliance electrification may outweigh any operational savings.
This result also highlights the gas system’s potential dual value as an energy transmission
and energy storage asset. The flexibility to balance gas demands with less granular temporal
resolution (relative to electricity demands) allows the gas delivery network to double as a
short-duration storage resource for renewable electricity, converted to electro-fuels.

The volume of net-zero gaseous fuels, as presented in the bottom panel of Figure 9, is
determined by the share of gas demands that are electrified, the quantity of non-electrifiable
direct-use gas demands, and the amount of net-zero emissions gas needed for use in the
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Figure 9: Comparative results of time-extended planning optimization of a Mountain Northwest energy
system with persistence appliance investments (left) and co-optimized appliance investments (right) for
capacity (top), generation (middle), and gas production (bottom). Naive system planning, assuming static
appliance populations, results in substantially larger generation and electrofuels production capacity to
supply residential and commercial gas demands with net-zero emissions energy.
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Figure 10: Hourly dispatch for a simulated week of operations during a typical winter week (week 6 of the
year, from February 13 to February 20) in a Mountain Northwest integrated energy system for the two
appliance-investment scenarios explored. Note that electro-methane units are operated flexibly throughout
the day to integrate intermittent renewable energy supplies, serving a similar role that firm generation
capacity does in the case with co-optimized appliance investments.
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electricity sector. We find that biomethane resources are developed to their fullest extent
in all decarbonization scenarios. We also find that net-zero emissions gases are routinely
allocated for nominal consumption across both the power and gas sectors. Nominal use of
biomethane or other climate-neutral fuels in carbon capture-enabled generators allows for
negative emissions that offset some utilization of un-captured gas-fired plants and imperfect
carbon-capture efficiencies. An important contribution of the proposed modeling framework
is the endogenous evaluation of this cross-sector economic trade-off between allocating avail-
able net-zero emissions fuels to the power or gas sector. Here, we show that even as the
system relies on electro-methane, there is sufficient value in the power sector to allocate
net-zero emissions gas for use in thermal generators rather than substituting this capacity
with additional renewable electricity generators.

Figure 11: Total system costs and average costs of delivered energy for each modeled investment year for
persistence appliance stock assumptions (left) and optimized appliance stock (right). In the persistence
appliance stock case, total system costs are increased due to a large need for expensive electro-fuels to
satisfy residential and commercial gas demands. These costs are avoided in the optimized appliance stock
case through centrally-planned electrification of gas appliances. Note also that average costs of delivered
gas increase 5-fold across the transition (in both cases for different reasons) due to more expensive net-zero
emissions gas supplies (left) and declining total gas deliveries across which to recover fixed costs (right).

Examining the total system costs in Figure 11, we find that the persistence appliance
stock case has larger system costs primarily because of the costs of net-zero emissions gas.
When the appliance stock is co-optimized, the costs of net-zero emissions gas generation
units and the electricity generation capacity necessary to produce these electro-fuels are
reduced through appliance electrification. These savings exceed the countervailing increase
in appliance costs and transmission and distribution infrastructure costs on the electricity
grid.

As highlighted in Figure 11, recovering fixed costs of gas distribution system maintenance,
operation and re-investment across declining gas deliveries produces an upward spiral in the
average cost of gas. If these costs are recovered entirely through volumetric rates, it is
possible that this spiral in gas rates will drive further defection from the gas distribution
system, even if such a result is sub-optimal from a societal cost perspective. As shown
in Figure 8, gas appliances may continue play a large role in serving space heating, water
heating, and cooking demands until stringent emissions intensity standards are in place on
the gas sector.

45

                  



The presented cost-minimization illustrates a practical approach to centralized planning
of decarbonized integrated gas-electric energy systems. However, in practice, appliance in-
vestment decisions will be made by a heterogeneous set of agents based on a confluence of
economic incentives, regulations, and consumer preference. The total societal costs will be al-
located across and borne by gas ratepayers, electricity ratepayers, and appliance-purchasing
consumers. The allocation of societal costs across different welfare-maximizing agents could
produce a realized trajectory that confounds the societal cost-minimizing plan. Future work
should aim to examine approaches to cost-allocation and rate-making that align the central
planner solution with the welfare-maximizing behavior of individual customers.

5.3. Gas quality and hydrogen blending

The introduction of pure hydrogen to natural gas infrastructure is one strategy to re-
duce the GHG emissions intensity of gaseous fuel delivered to customers. However, gas
interchangeability limits generally apply to end-use equipment and materials integrity con-
cerns exist for high-pressure transmission, compression, and distribution equipment. Limited
blends of hydrogen may be acceptable, however the particular location and timing of such
injections is important for ensuring safety of downstream equipment. Here, we illustrate how
relaxations in such gas quality constraints can lead to different strategies for multi-sector
decarbonization planning.

In Figure 12, we show that when no constraints are included on hydrogen blending, the
least-cost decarbonization trajectory includes a large reliance on electrolytic hydrogen. This
solution limits electrification of end-use appliances, displacing less than 30% of initial gas
demand with electric alternatives. This indicates that transitioning to energy infrastructure
systems that can accommodate high hydrogen fractions could provide system value in a
decarbonized gas-electric energy system (if savings exceed the incremental cost of compliant
infrastructure).

The reliance on direct-use of blended hydrogen drops sharply when annual blend limits are
included at the system-level (see Figure 12 center). The level of centrally-planned electrifica-
tion in this case resembles that of the fully-constrained scenario with daily, spatially-resolved
hydrogen blend limits imposed. In the fully-constrained case (see Figure 12 right), we find
the largest amount of electro-methane is required to satisfy gas quality limits as hydrogen
blending is further limited.

In addition, the proposed model can identify the spatial distribution of least-cost expan-
sion investments and how these decisions are altered by constraints such as hydrogen blend
limits. The availability of clean electricity will be geographically concentrated in regions with
large supplies of low-cost renewable electricity generators. However, just as transmission con-
straints may exist on the electricity grid, similar constraints are likely to limit the large-scale
conversion of clean electricity to hydrogen for blending directly into the transmission network
due to local constraints on concentration.

In Figure 13 we see that the unconstrained hydrogen blending case develops large elec-
trolytic hydrogen capacity in the most advantageous locations on the electricity transmission
network. Incorporating annual, system-wide blend limits (see the center panel of Figure 13),
we find electrolytic hydrogen generation capacity decreases significantly paired with increased
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Figure 12: Comparative results for increasing degrees of hydrogen blend limits ranging from unconstrained
hydrogen blending (left), to hydrogen blend fractions constrained on an annual, system-wide basis (center),
to blend limits imposed across daily time scales at the nodal level (left). Results presented for a Mountain
Northwest integrated energy system with appliance investment optimization for capacity (top), generation
(middle), and gas production (bottom).
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Nodal hydrogen limits Annual hydrogen limits No hydrogen limits

Figure 13: Spatial allocation of capacity development in 2040 for three different approaches to hydrogen
blend limitations. Note that as we move from un-constrained hydrogen blending (left) to annual, system-
wide blend fraction constraints (center) we observe significant declines in electrolyzer capacity development
as a greater share of appliances are transitioned to the electricity system. As we further constrain the
system to limit hydrogen blends delivered on daily time scales and at nodal resolution (right), we see the
spatial distribution of electrolyzer capacity expansion shift away from the most advantageous locations on
the electricity system to nodes that allow for more distributed addition of hydrogen.

expansion of other local biomethane or electro-methane production capacity. However, in
the final case (right panel of Figure 13), using spatially-resolved, daily hydrogen blend limita-
tions, we find that while the most cost-effective or technically-favorable nodes see decreased
investment in capacity for electrolytic hydrogen generation, other nodes see slight increases
to allow for distributed injection accounting for the technical limitations of the gas network
to accept hydrogen.

Future work should leverage models like this to further explore the system design space
in order to identify the potential role for gas system infrastructures that can accommo-
date high-blends of hydrogen. Omitting gas quality constraints entirely (i.e., assuming full
interchangeability) produces a least-cost solution that relies heavily on direct blending of
hydrogen and entails significantly less planned electrification of core gas demands. Future
work could compare the associated cost of upgrading downstream infrastructure to permit
such hydrogen blends to the savings of relying on less expensive electrolytic hydrogen as
compared to drop-in synthetic electro-methane fuels or direct appliance electrification.

6. Conclusions

As policymakers and businesses contend with the growing threat of climate change, en-
ergy providers require new techniques and strategies for reducing the net GHG emissions of
the gas and electricity resource mix. Here, we propose a practical approach for co-optimized
system planning of integrated gas-electric energy systems. This novel formulation extends
previously-published methods for coordinated expansion planning and operations, with an
enhanced focus on modeling the multi-period transition trajectory, subject to legacy infras-
tructure limitations and successively tightened constraints on GHG emissions. We demon-
strate this method for an illustrative gas-electric system subject to sector-specific GHG
emissions constraints under a range of sensitivity cases.

We find that direct-electrification of nearly all current gas distribution demands is a
core component of the optimized system plan for achieving deep decarbonization. How-
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ever, we find that misleading and structurally different investment plans can be obtained
if integrated gas-electric systems are naively planned assuming a static appliance stock or
ignoring infrastructural limits on hydrogen blending. In appropriately constrained problems,
the incremental costs of electric appliances and any associated electricity system infrastruc-
ture are smaller than the additional costs of electro-fuels production to serve the legacy gas
appliance population. However, the pace, timing, and location of appliance electrification is
determined by system-specific characteristics and can vary across geographies with different
weather patterns or local network topology constraints.

Notably, electro-methane production is included in the cost-optimal investment plan prior
to full electrification of residential gas demands. This indicates that in some cases, despite
the poor conversion efficiency of electro-fuels (relative to direct electrification), the incremen-
tal fixed costs of marginal appliance electrification may outweigh any operational savings.
Finally, in all computational case study scenarios we find net-zero emissions gas resources are
allocated for consumption by power sector entities, indicating the value of biomethane and
electro-fuels to provide firm net-zero emissions electricity generation, offsetting net emis-
sions from imperfect carbon capture efficiencies and un-captured combustion turbines. It
is important that future work on gas system decarbonization incorporate such cross-sector
competition for limited sustainable net-zero emissions gaseous fuels.

Finally, we observe that in all cases, the transition to a decarbonized energy system
entails a nearly 5-fold increase in the average costs of delivered gas. This arises due to some
combination of increased reliance on expensive electro-fuels for net-zero emissions gas supply
and the declining volumetric deliveries as gas appliances are transitioned to the electricity
system. The allocation of societal costs across different welfare-maximizing agents could
produce a realized trajectory that confounds the societal cost-minimizing plan. Future work
should aim to examine approaches to cost-allocation and rate-making that align the central
planner solution with the welfare-maximizing behavior of individual customers.

The proposed modeling framework will accommodate a number of future investigations.
The sector-specific emissions constraint formulations will allow for study on the consequences
of resource limitations in sustainable bio-energy for optimal allocation across the power and
gas sectors. In addition, the approximate gas component tracking will allow future work
to elucidate the role of hydrogen blending for direct-use in pipeline systems. Finally, we
note that planning decisions at the consumer equipment-level are not made by a central
planner, but by a series of agents with economic incentives and personal preferences. Future
analysis should leverage sequential or iterative optimization routines to incorporate agent-
based decision-making respective of evolving volumetric rates for delivered gas or electricity.
This study represents a first step towards practical system planning of cost-effective, safe,
and reliable integrated energy systems under strict greenhouse gas emissions constraints.
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Appendix A. Nomenclature

Sets and Indices:

n, e ∈ NP , EP Nodes and edges in electrical grid
n, e ∈ NG, EG Nodes and edges in gas pipeline network
x ∈ X All existing and candidate energy supply and de-

mand units
x ∈ Xn ⊂ X All existing and candidate units at node n
ω ∈ Ω ⊂ X Electricity generation units
ω ∈ ΩG ⊂ Ω Gas-fired generation units
s ∈ SP ,SG ⊂ S ⊂ X Electrical and gaseous storage units
z ∈ Z ⊂ X Zero-carbon gas production units
z ∈ Zb ⊂ Z Biomethane gas production facilities
a ∈ A ⊂ X Core (residential and commercial) gas customer

appliances
u ∈ U Energy end-uses modeled at appliance-level
a ∈ Au ⊂ A Appliances that satisfy energy end-use u
g ∈ G Set of gas components tracked (e.g., H2, CH4,

CO2)
i ∈ I Investment time horizons
r ∈ R Representative operational periods
o ∈ O Linked operational time steps for each operational

period
c ∈ C Sequential operational periods over an investment

time horizon sampled from the representative set
(i, r, o) ∈ T Multi-index for time, where T ≡ I ×R×O
Parameters:

Network Configuration:
AP ∈ RNP×EP Nodal-edge incidence matrix for the electrical

power grid
AG ∈ RNG×EG Nodal-edge incidence matrix for the gas pipeline

network
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Operational Parameters:

Φ̂P
(i,r,o),n Baseline demand for electrical energy [MW] at power

node n ∈ NP
Φ̂G

(i,r,o),n Baseline demand for gaseous energy [MW] at gas node
n ∈ NG

ϕP(r,o),a, ϕ
G
(r,o),a Electrical and gaseous energy demand profiles for mod-

eled appliances [MW/appliance] a ∈ A
Γω,Γω Minimum and maximum stable electrical load [p.u] for

dispatchable resource ω ∈ Ω
γ

(r,o),ω
, γ(r,o),ω Minimum and maximum availability [p.u] for non-

dispatchable resource ω ∈ Ω
ρω Maximum hourly ramp rate [p.u/hour]
υω, υω Maximum down-time and up-time [hours]
P e Maximum power flow [MW] for transmission line e ∈ EP
Xe Reactance [p.u.] for transmission line e ∈ EP
Qe Maximum gas flow [standard m3/hour] on gas pipeline

e ∈ EG
Πn,Πn Minimum and maximum pressure (squared) [Pa2] at gas

node n ∈ NG
αe Maximum squared compression ratio for compressor at

start of gas pipeline e ∈ EG
Sn Maximum rate of supply [MW] of fossil natural gas at

each node n ∈ NG
Ke Resistance factor for gas pipeline e ∈ EG
βω Emissions factor for generation resource [tCO2/MMBtu

fuel]
βG Emissions factor for natural gas [tCO2/MWh fuel]
χn,g Mole fraction of each gas component g produced by

nodal fossil gas supply at node n [moles of g/moles of
gas]

χs,g Mole fraction of each gas component g produced by gas
storage unit s [moles of g/moles of gas]

χz,g Mole fraction of each gas component g produced by net-
zero emissions gas production unit z [moles of g/moles
of gas]
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Operational Parameters (Continued):
χg Maximum molar blend of gas component g ∈ G [moles

of g/moles of gas]
Mg Molar mass of gas component g ∈ G [kg/kmol]
xg Energy content (on a LHV basis) of gas component g ∈

G [MJ/kg]
CV OM
i,x Variable operations and maintenance cost [$/MWh] of

resource x ∈ X
Cfuel
i,ω Fuel cost [$/MMBtu] of generation resource ω ∈ Ω

CG
i Cost of natural gas [$/MWh] in an investment period

i ∈ I
w(i,r) Representative weights for representative time period

simulated [hours/year]

Design Parameters:
m̂x Number of existing units [no.] in resource x ∈ X
ux Unit size [MW] for resource x ∈ X
δx Maximum units expanded per investment period [no./year]

for resource x ∈ X
∆x Maximum units expanded across entire modeled investment

horizon [no.] for resource x ∈ X
τx Average lifetime [years] for resource x ∈ X
gu Forecast growth rate [%/year] for appliance sales by end-use

u ∈ U
ĝa Historical growth rate for sales of appliance a ∈ A
fi,a,j Cumulative failure fraction [%] between investment periods

i, j ∈ I for population of appliances a ∈ A
m̂a Base year population [count] of appliance type a ∈ A
M̂a Base year sales [count] of appliance type a ∈ A (i.e., equip-

ment entering service)
ηω Heat rate [MMBtu/MWh] for every generation resource ω ∈

Ω
ηz Conversion efficiency [MWh gas/MWh elec.] for zero-

emissions gas resource z ∈ Z
η+
s Storage charge efficiency [%] of storage s ∈ S
η−s Storage discharge efficiency [%] of storage s ∈ S
ηls Storage hourly loss percentage [%] of storage s ∈ S
ds Storage duration [hours] for storage s ∈ S
hz Hydrogen fraction (by energy) [MWh H2/MWh gas] of pro-

duced net-zero emissions gas by resource z ∈ Z
β
G

i , β
P

i Maximum emissions intensity of energy delivered
[tCO2/MWh] in gas and electricity sectors in an invest-
ment period i ∈ I

B Maximum biomethane availability [MWh/year]
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Design Parameters (Continued):
Yi Calendar year associated with investment period i ∈ I
Ŷ Calendar year associated with initial appliance population as-

sumptions
κx Capital recovery factor [year−1] for resource x ∈ X
ιWACC Weighted average cost of capital [%]
ιsoc. Societal cost discount rate [%]
Ccap
i,x Capital cost [$/MW] of resource x ∈ X in an investment

period i ∈ I
CFOM
i,x Fixed operations and maintenance cost [$/MW-yr] of resource

x ∈ X in an investment period i ∈ I
Cpeak Cost of peak electricity distribution infrastructure

[$/kWpeak/year]
Cdist
n Cost of gas distribution network maintenance and reinvest-

ment [$/node/year] at gas system node n ∈ NG
ϑi Present value discounting factor [$2018/$Yi ] for investment

time period i ∈ I
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Variables:
δi,x Number of units built [no.] of a resource x ∈ X in

investment period i ∈ I
ζi,x Number of units retired [no.] of resource x ∈ X in in-

vestment period i ∈ I
mx,i Remaining number of installed units [no.] of type x ∈ X

and vintage v ∈ V
ΦG

(i,r,o),n Gas demand [MW] at gas node n ∈ NG in time step
(i, r, o) ∈ T

ΦP
(i,r,o),n Electricity demand [MW] at power node n ∈ NP in time

step (i, r, o) ∈ T
ΦZ

(i,r,o),z Electricity demand [MW] for production of net-zero
emissions gas at production unit z ∈ Z in time step
(i, r, o) ∈ T

Φ
P

(i,r,o),n Peak electricity demand [MW] at power node n ∈ NP
in time step (i, r, o) ∈ T

ΓP(i,r,o),ω Electricity generation dispatch [MW] for resource ω ∈ Ω
in time step (i, r, o) ∈ T

ΓZ(i,r,o),z Net-zero gaseous fuel dispatch [MW] for resource z ∈ Z
in time step (i, r, o) ∈ T

ν(i,r,o),ω Units [no.] of resource ω ∈ Ω committed in time step
(i, r, o) ∈ T

ν+
(i,r,o),ω Units [no.] of resource ω ∈ Ω started up in time step

(i, r, o) ∈ T
ν−(i,r,o),ω Units [no.] of resource ω ∈ Ω shut down in time step

(i, r, o) ∈ T
P(i,r,o),e Power flow [MW] across transmission line e ∈ EP in time

step (i, r, o) ∈ T
v(i,r,o),e Voltage angle [radians] across transmission line e ∈ EP

in time step (i, r, o) ∈ T
Q(i,r),e Gas flow rate [standard m3/hour] in pipeline e ∈ EG in

rep. time period (i, r)
q(i,r),e,g Nominal flow rate [kmol/sec] of gas component g ∈ G

across pipeline e ∈ EG in rep. time period (i, r)
φ(i,r,o),n,g Nominal gas delivery rate [kmol/sec] of gas component

g ∈ G at node n ∈ NG in time step (i, r, o)
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Variables (Continued):
Π(i,r),n Nodal squared pressure [Pa2] at gas node n ∈ NG in rep.

time period (i, r)

Π̂(i,r),e Squared pressure [Pa2] at start end of each pipeline e ∈
EG after compression in rep. time period (i, r)

ΓG(i,r),n Local slack supplies [MW] of natural gas at gas node
n ∈ NG in rep. time period (i, r)

y(i,r),e Flow direction [bin.] on pipeline e ∈ EG in rep. time
period (i, r)

λ(i,r),e McCormick relaxation pressure drop [Pa2] across
pipeline e ∈ EG in rep. time period (i, r)

Ψ(i,r,o),s State of charge [MWh] of storage s ∈ S in time step
(i, r, o) ∈ T

Ψ(i,r),s, Ψ(i,r),s Maximum/minimum nominal state of charge [MWh] of
storage s ∈ S in rep. time period (i, r)

ψ+
(i,r,o),s, ψ

−
(i,r,o),s Charge/discharge rate [MW] of storage s ∈ S in time

step (i, r, o) ∈ T
Υc,s State of charge [MWh] in sequential period c ∈ C of

storage s ∈ S
ξGi , ξPi Zero-carbon gas allocation [MWh/year] in the gas and

electric sector in investment period i ∈ I
εGi , εPi Negative emissions offset use [tCO2/year] in the gas and

electric sector in investment period i ∈ I
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Appendix B. Supplementary data & assumptions

To solve the specified optimization program for realistic case studies, a number of input
data and assumptions are required. Here, Section Appendix B.1 describes data and as-
sumptions for any existing or candidate energy demands. Section Appendix B.2 presents
all data inputs for existing and candidate supplies of gaseous and electrical energy. Section
Appendix B.3 describes the required data and assumptions to specify a gaseous or electrical
energy storage unit. In Section Appendix B.4, we discuss the data required to fully specify
the gas and electricity network configurations and the associated infrastructure costs. Sec-
tion Appendix B.5 describes the assumptions required for policy constraints. In Section
Appendix B.6 we discuss the assumed parameters for discounting costs to present value in
the model.

Appendix B.1. Energy demand

Hourly demands for gas and electricity are modeled at each node in the system. The total
energy demanded at each location and each time point includes a set of modeled appliance-
level demands and a baseline of immutable energy demands.

For the case study described in Section 4, the assumed electric and gas energy demands
are presented in Table B.2 and Table B.3, respectively.

Appendix B.1.1. Baseline energy demands

Each baseline nodal energy demand for gas or electricity will have associated attributes
including a peak hourly demand [MW], total annual energy demand [MWh/year] (also ex-
pressed as average energy demand [MWa]), and a temporal profile.

For electricity demands, plausible shapes and quantities can be generated using historical
data from grid operators [92, 101] or from bottom-up simulations of electricity demands
[86, 102]. In this work, we use state-level electricity demand simulations generated by NREL’s
Electrification Futures Study (EFS) [102]. NREL’s EFS employs the Demand Side Grid
Model (dsgrid) to complete detailed bottom-up simulations of electricity demand under
different appliance adoption scenarios for transitioning gas demands to the electricity system.
Reference scenario simulations for the base year 2018 are used to represent the shape of
current electricity demands in various geographies and climate zones across the United States.

For illustrative case study simulations, it may be useful to normalize electricity demands
of the template system to allow for generalized comparison across regions. Baseline energy
demand profiles may be normalized to the maximum hourly electricity demand or to the
average hourly electricity demand such that the hour-to-hour shape of electricity demand
can be retained and applied to various case study systems that range in size.

Empirical data on hourly gas consumption is often not recorded or made public. Base-
line profiles for gas demand could be constructed from bottom-up aggregation of simulated
equipment-level demands [86]. Alternatively, baseline gas demands can be modeled as con-
stant demands, representative of gas consumption at large commercial or industrial facilities
with high capacity utilization factors.

Appendix B.1.2. Appliance energy demands

Appliance-level energy demands are modeled for a subset of gas and electricity final
energy demands. Each modeled appliance requires an assumed hourly gas and electricity
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Base case nodal electricity demands (Mountain Northwest/Coastal Pacific)
Node Baseline Existing appliance Candidate appliance

demands [MW] demands [MW] demands [MW]
Mean Peak Mean Peak Mean Peak

1 100 145/175 0/0 0/0 0/0 0/0
2 50 50/50 0/0 0/0 58.9/22.8 385/85
3 50 50/50 0/0 0/0 58.9/22.8 385/85
4 75 108/131 0/0 0/0 0/0 0/0
5 70 101/122 0/0 0/0 0/0 0/0
6 130 187/227 0/0 0/0 0/0 0/0
7 75 75/75 0/0 0/0 58.9/22.8 385/85
8 170 245/300 0/0 0/0 0/0 0/0
9 175 253/306 0/0 0/0 0/0 0/0
10 200 289/350 0/0 0/0 0/0 0/0
11 0 0 0/0 0/0 0/0 0/0
12 0 0 0/0 0/0 0/0 0/0
13 200 200/200 0/0 0/0 58.9/22.8 385/85
14 194 280/340 0/0 0/0 0/0 0/0
15 317 458/555 0/0 0/0 58.9/22.8 385/85
16 110 159/192 0/0 0/0 0/0 0/0
17 0 0 0/0 0/0 0/0 0/0
18 50 50/50 0/0 0/0 58.9/22.8 385/85
19 190 274/332 0/0 0/0 0/0 0/0
20 50 50/50 0/0 0/0 58.9/22.8 385/85
21 0 0 0/0 0/0 0/0 0/0
22 0 0 0/0 0/0 58.9/22.8 385/85
23 0 0 0/0 0/0 0/0 0/0
24 0 0 0/0 0/0 0/0 0/0

Table B.2: Assumed nodal electricity demands for the network case study.
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Base case nodal gas demands (Mountain Northwest/Coastal Pacific)
Node Baseline Existing appliance Candidate appliance

demands [MW] demands [MW] demands [MW]
Average
[MW]

Peak
[MW]

Average
[MW]

Peak
[MW]

Average
[MW]

Peak
[MW]

6 27.5/27.5 27.5/27.5 164/80.6 528/372 0/0 0/0
8 27.5/27.5 27.5/27.5 164/80.6 528/372 0/0 0/0
12 27.5/27.5 27.5/27.5 164/80.6 528/372 0/0 0/0
13 27.5/27.5 27.5/27.5 164/80.6 528/372 0/0 0/0
18 27.5/27.5 27.5/27.5 164/80.6 528/372 0/0 0/0
19 27.5/27.5 27.5/27.5 164/80.6 528/372 0/0 0/0
24 27.5/27.5 27.5/27.5 164/80.6 528/372 0/0 0/0
25 27.5/27.5 27.5/27.5 164/80.6 528/372 0/0 0/0

Table B.3: Assumed nodal gas demands for the network case study.

consumption profile [MWh/hour], capital cost [$], and costs of any necessary building up-
grades associated with the installation of the appliance [$]. For specific case studies, these
appliance populations will also be specified by their total initial values [no. units], historical
sales growth rates [%/year], and location at a gas node and an electric node. The realis-
tic appliance population in a modeled region will be incredibly diverse. For the purposes
of model demonstration, we abstract appliances to illustrative templates. Legacy end-use
appliances modeled in this work include residential and commercial gas furnaces, gas water
heaters, and gas cooking. Candidate appliances include air-source heat pumps for space
heating, heat pump water heaters, and electric cooking alternatives.

To generate plausible assumptions for hourly appliance energy demand, we first esti-
mate the energy required to satisfy the demand for the provided end-use energy service on
an annual basis. Second, these annual energy demands are down-scaled to hourly values
that capture temporal trends in demand for energy services as well as potential temporal
variations in appliance efficiency as a function of ambient temperature.

In order to ensure consistency across substitutable gas and electric appliances, we bench-
mark the annual demand for energy services using the EIA’s Residential Energy Consumption
Survey (RECS) and Commercial Building Energy Consumption Survey (CBECS) data for
gas demand. For residential appliances, average site energy consumption by census region
and division (Table CE5.4 [80]) is used to estimate average annual gas consumption for the
listed energy end-uses (space heating, water heating, and cooking). For commercial appli-
ances, we use natural gas energy intensity by end-use [MMBtu/ft2] (Table E7 [81]) paired
with an assumed median building floor area [ft2] (Table B2 [81]). Next, using an assumed
average seasonal efficiency of the gas-fired equipment serving each end-use, we estimate the
annual demand for energy services. Finally, an average seasonal efficiency assumption for
the substitute electric equipment is applied to this demand for energy services to estimate
the corresponding annual demand for each modeled electric appliance that may displace a
gas-fired unit.

For space heating, gas furnace efficiency will vary depending on the vintage and technol-
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Template Residential Appliances

Technology Energy Service Unit size
[various]

Life
time τa
[years]

Annual
energy
con-
sump-
tion
[MWh/
year]

Energy
efficiency
[MWh
service/
MWh
fuel]

Gas furnace Residential
Space Heating

4 ton 18-20 7.7-19 0.62-0.90

Gas water
heater

Residential
Water Heating

50 gal. 13-18 4.4-6.5 0.60-0.96

Gas cooking Residential
Cooking

4 × 9,500
BTU
burner

19 0.7-0.94 0.25

Air-source
electric heat
pump

Residential
Space Heating

4 ton 19-25 0.95-9.8 1.75-5

Electric heat
pump water
heater

Residential
Water Heating

50 gal. 15 1.5-3.5 1.8-3

Electric
induction
cooking

Residential
Cooking

4 5kW-
burner

19 0.37-
0.47

0.50

Table B.4: Operating characteristics for modeled template appliances.
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Template Commercial Appliances

Technology Energy Service Unit size
[various]

Life
time τa
[years]

Annual
energy
con-
sump-
tion
[MWh/
year]

Energy
efficiency
[MWh
service/
MWh
fuel]

Gas furnace Commercial
Space Heating

10 ton 16 25-60 0.62-0.90

Gas water
heater

Commercial
Water Heating

199
kBTU/
hour

13 9.8-20 0.60-0.96

Gas cooking Commercial
Cooking

24 9,500
BTU
burner

12 14-35 0.25

Air-source
electric heat
pump

Commercial
Space Heating

10 ton 16 3.1-31 1.75-5

Electric heat
pump water
heater

Commercial
Water Heating

74
kBTU/
hour

17 2.0-11 1.8-3

Electric
induction
cooking

Commercial
Cooking

24 5 kW-
burner

19 7-18 0.50

Table B.5: Operating characteristics for modeled template appliances.
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ogy of the appliance. Gas furnace efficiency can range from 62% to over 90% in the most
efficient condensing furnace technologies [103]. Electric heat pumps can allow for energy
efficiencies in excess of 100% as they use electricity to move heat rather than generate heat.
However, heat pump efficiency will gradually decline as the difference between source and
sink temperature increases. During extreme cold, heat pump technologies may rely on back-
up electric resistance elements. Reasonable assumptions for seasonal average heat pump
coefficient of performance can range from 2.25 to 3.5 [82], however these are highly sensitive
to ambient climate. RMI (formerly Rocky Mountain Institute) completed building energy
simulations for representative locations in all 48 contiguous states in order to evaluate the
emissions impacts of electrifying space heating. The “heating season-weighted” coefficients
of performance range from 2.06 (in Fargo, ND) to 4.06 (in Los Angeles, CA) depending
on the regional climate [104]. Hybrid gas-heat pump furnaces are commercially available
and often selected in cold-climates over full-electrification for their resilience to extreme cold
weather.

Gas-fired water heater efficiencies can range similarly from 60% to 96% depending on
whether they are storage or tank-less (instantaneous) gas water heaters and whether they
extract the latent heat of condensation from gas combustion products. Electric resistance
water heaters will have a thermal conversion efficiency of close to 100% with losses only
associated with storage tanks [82]. Tankless water heaters can reduce thermal losses, and
improve efficiency. However, tankless electric water heaters require much larger power draws
on the order of 13-36 kW depending on the rate of hot water demand (2.54 - 7.03 gallons
per minute, respectively). Heat pump water heaters can have coefficients of performance
exceeding 3 [82] however field studies find more realistic COPs ranging from 1.8 - 2.3, de-
pending on the degree of reliance on electric resistance elements [105]. Also, heat pump
water heaters draw heat from their ambient environment and can lower the surrounding
temperature considerably (especially in confined spaces), potentially increasing the demand
for space heating. These interactive effects have been modeled in building energy simula-
tion tools [106], but are omitted for simplicity in the proposed modeling framework. The
interactive effects between water heating and space heating are considered to be negligible
for the system-scale planning study proposed here. Incorporating this feature would require
building-level tracking of appliance populations, in order to apply different energy demand
profiles for air source heat pumps that exist in buildings with heat pump water heaters.
For a more thorough review of the efficiency characteristics and considerations for modeling
heat pump water heaters see [107]. Hybrid gas-fired heat pump water heaters have been
developed [108], analyzed [109] and demonstrated in recent field studies [110], however these
technologies are not widely available and are omitted from the current study.

For cooking energy demands, electric induction is often cited as the most efficient cooking
technology. Induction cook tops have fewer losses as they heat the cooking implement
directly rather than via conductive heat transfer. As such, induction cooking can transfer
up to 90% of the electricity consumed to the cooked items, while traditional electric and gas
cooking systems are referenced at 74% and 40% efficient, respectively [84, 111]. Experimental
results for gas stove efficiencies confirm this value, ranging between 32 - 47% [112]. Electric
ovens have cooking efficiencies of 12-14%, compared to a gas oven efficiency of 6-7% [111,
113]. Cooking energy efficiency values will vary depending on ambient conditions, sizing of
cookware, and user cooking behavior. For simplicity, we assume that half of the cooking
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energy is consumed in stoves and half in ovens and that both will be powered by the same
fuel. We use default values of 51% for electric cooking and 25% for gas cooking appliances.

Next, annual energy demands are down-scaled to hourly values. Several sources are used
to generate plausible values for appliance energy demand normalized to annual consumption.
This work employs template building energy simulations conducted with EnergyPlus or
Building Energy Optimizer (BEOpt) [85]. Simulations are available for a set of template
residential and commercial buildings [85]. A recent study used linear regression analysis
and empirical heat pump efficiency correlations to estimate hourly gas demands by census
district [86]. Gas-fired appliances are assumed to operate with similar temporal efficiency
characteristics as resistance electric appliances. While some gas appliances will operate less
efficiently or with greater losses during different weather conditions, in general, these effects
are assumed to be small relative to the annual energy efficiency differences [82]. However,
the impact of ambient conditions on heat pump efficiency is expected to be larger and non-
negligble as use of resistance back-up may trigger large peaks in electricity demand during
cold weather. As such, we use the modeling efforts of [86] to generate plausible profiles for
electric heat pump energy consumption for space heating by state.

NREL’s EFS [102] also produces hourly electricity demand simulations at the state-level
using the dsGRID modeling tool. Electricity demand data is provided for several end-use
services such as water heating, space heating and cooling, and clothes drying/dish washing
under a range of technology adoption scenarios across a transition away from direct-gas use.
However, the available electricity demand profiles aggregate several different technologies
providing the same service. And key gaseous energy demands, such as cooking, are com-
bined with a wide range of energy services in the “Other” category. Note also that the EFS
data combines space heating and cooling electricity demands. To model the transition of
space heating demands currently served by gas furnaces, these profiles must be normalized
to heating demand only. Here, we use a proxy to indicate whether an hourly energy demand
is providing heating or cooling services. Future work may explore opportunities to lever-
age these efforts to generate representative consumption profiles for appliances of various
technology types and in various geographic climate zones.

Default appliance sizing, cost, and lifetime assumptions are based on the academic lit-
erature [114, 103], Building Energy Optimization (BEopt) data [83], commercially available
technologies [87, 88, 89, 90, 91], and NREL EFS data [82, 79].

Some electric appliances may require substantial building envelope retrofits, electrical
panel upgrades, or other rewiring of building electrical infrastructure. These costs can exceed
the upfront capital cost of the appliance alone and present substantial barriers to adoption.
Such building infrastructure upgrade costs are highly uncertain and case-specific, and often
depend on the age of the building. Parametric scenarios can be used to test sensitivity of
results to the upgrade cost assumptions for each appliance type. Upgrading a home electrical
panel to handle 200 amps can cost up to $4,000 [115]. Alternatively, new 50 amp sub-panels
could be installed for $500, but may require rewiring which can cost over$1,400 in labor and
materials. Heat pump water heaters must be installed in areas that remain between 40 °F
to 90 °F and are surrounded by at least 1,000 cubic feet of air [116]. As such, renovations to
existing closet spaces may be required to accommodate these appliances. Finally, building
envelope retrofits may be necessary to fix a leaky home or building before switching to an
electric heat pump for space heating. These efficiency retrofits can range in cost from $11
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to $34 per square foot [117].
To further complicate things, in some cases it can be challenging to allocate infrastructure

upgrade costs to a single appliance as it may be the combination of several modeled (i.e.,
heat pump water heaters) or non-modeled (i.e., electric vehicle adoption) investments that
trigger the need for rewiring or panel upgrades. It is similarly challenging to account for
the increased property value and the myriad of health and quality of life benefits that may
accompany such building energy efficiency improvements. Given these uncertainties, we
provide the modeler the maximal amount of flexibility to parametrically specify the cost of
building infrastructure upgrades that accompany appliance investment decisions.

For the purposes of model demonstration, we abstract appliances to illustrative templates
with annual consumption informed by the RECs and CBECs surveys [81, 80] and hourly con-
sumption profiles based on a set of template building energy consumption simulations for a
typical meteorological year [85]. However, the proposed modeling framework is extensible
to inclusion of highly-detailed appliance population breakdowns if these data are available.
Additional sources for more detailed building and/or appliance stock information could in-
clude the American Community Survey [118], the County Business Patterns data [119], and
the Federal Energy Management Agency’s Hazus General Building Stock [120] (as used in
[86] and described in [121]). In addition, future work should aim to incorporate correlations
that exist between modeled appliance demands, the assumed baseline energy demands, and
the availability of renewable energy resources. Recent research efforts in this regard have
developed approaches using the NREL’s ResStock tool to conduct detailed building-level
simulation of appliance populations and their potential grid impacts [122]. Future efforts
in gas-electric system planning should move towards use of such statistically-representative
tools to generate a set of appliance consumption profiles for residential and commercial
appliances (using ResStock and ComStock, respectively).

Finally, there is a large set of equipment and appliances that fall outside of the scope of the
natural gas and electric power sectors that may also be transitioned to the electric system.
In some regions, fuel oil and liquified petroleum gas providers currently satisfy the heat
demands of many customers. Adoption of electric vehicles across the transportation sector
is also a crucial strategy for achieving cost-effective, decarbonized economies. Suppliers
of liquid fuels are not typically subject to the same regulatory oversight as natural gas
and electric utilities. As such, these investment decisions, operational characteristics, and
emissions consequences are not included in the presented optimization program. However,
the transition of these final energy demands to the electricity system may alter the least-cost
strategy found for the natural gas and electric sectors, when modeled in isolation. In future
work, the novel quantitative approach presented here for endogenous evaluation of equipment
failure and replacement alongside centrally-planned system design and operations decisions
may accommodate the inclusion of other sectors such as liquid fuels providers.

For the case study described in Section 4, the location and sizing of residential and
commercial appliances are presented in Table B.6 and Table B.7, respectively.

Appendix B.2. Energy supply

Candidate and existing energy supply units are modeled for the electricity system and
the gas system. Here, we describe the operating characteristics for each of these sets of
modeled energy supplies and the associated cost assumptions.
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Residential Appliances (Mountain Northwest/Coastal Pacific system)
Technology Electricity

nodes
Gas
nodes

Existing
units [no.
per node]

Energy
demand
[MWh/
year]

Energy
efficiency
[%]

Gas furnace 2, 3, 7, 13,
15, 18, 20,
22

6, 8, 12,
13, 18, 19,
24, 25

100,000 19/6 0.80

Gas water
heater

2, 3, 7, 13,
15, 18, 20,
22

6, 8, 12,
13, 18, 19,
24, 25

100,000 6/5 0.80

Gas cooking 2, 3, 7, 13,
15, 18, 20,
22

6, 8, 12,
13, 18, 19,
24, 25

50,000 0.9/0.7 0.25

Air-source
electric heat
pump

2, 3, 7, 13,
15, 18, 20,
22

6, 8, 12,
13, 18, 19,
24, 25

0 7.6/1.4 2.0/3.5

Electric heat
pump water
heater

2, 3, 7, 13,
15, 18, 20,
22

6, 8, 12,
13, 18, 19,
24, 25

0 2.2/1.6 2.2/2.5

Electric
induction
cooking

2, 3, 7, 13,
15, 18, 20,
22

6, 8, 12,
13, 18, 19,
24, 25

0 0.45/0.35 0.50

Table B.6: Assumed set of modeled appliance-level energy demands for network case study.
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Commercial Appliances (Mountain Northwest/Coastal Pacific system)
Technology Electricity

nodes
Gas
nodes

Existing
units [no.
per node]

Energy
demand
[MWh/year]

Energy
efficiency
[%]

Gas furnace 2, 3, 7, 13,
15, 18, 20,
22

6, 8, 12,
13, 18, 19,
24, 25

4,000 56/27 0.80

Gas water
heater

2, 3, 7, 13,
15, 18, 20,
22

6, 8, 12,
13, 18, 19,
24, 25

4,000 11/20 0.80

Gas cooking 2, 3, 7, 13,
15, 18, 20,
22

6, 8, 12,
13, 18, 19,
24, 25

2,000 14/32 0.25

Air-source
electric heat
pump

2, 3, 7, 13,
15, 18, 20,
22

6, 8, 12,
13, 18, 19,
24, 25

0 22/6.2 2.0/3.5

Electric heat
pump water
heater

2, 3, 7, 13,
15, 18, 20,
22

6, 8, 12,
13, 18, 19,
24, 25

0 4/6.4 2.2/2.5

Electric
induction
cooking

2, 3, 7, 13,
15, 18, 20,
22

6, 8, 12,
13, 18, 19,
24, 25

0 7/16 0.50

Table B.7: Assumed set of modeled appliance-level energy demands for network case study.
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For the case study described in Section 4, the location and sizing of electric and gaseous
energy supply units are presented in Table B.8 and Table B.9, respectively.

Appendix B.2.1. Electrical energy supply

Energy supply units in the electricity system can include conventional thermal generators,
such as nuclear-fueled plants, coal-fired plants, gas-fired combustion turbines or combined-
cycle gas-fired generators. Every generation unit will be specified by a nodal location on
the electricity system, a nodal location on the gas network, and the set of operating char-
acteristics included in Table B.10. Here, we present technology-average default values for
each parameter and modeled generator type, however the modeling framework is flexible
to include additional technology-classes or unit-level specification of generators and their
attributes.

Representative unit sizes for generation plants are referenced from [96] with solar and
wind plants modeled as continuous. When integer unit-commitment variables are relaxed,
these unit sizes do not play a role in meaningfully constraining dispatch operations. Operat-
ing lifetime assumptions are referenced from [96], however empirical values can be estimated
by using EIA Form 860 data in future work [93]. Plausible unit ramp rates, stable power
output bounds, and minimum up/down-times are referenced from [96]. Heat rate assump-
tions for new generators are referenced from NREL’s ATB [94]. Default average heat rates
for legacy generating fleets are referenced from the EIA Electric Power Annual with data for
2019 [123]. Unit-specific average heat rates can be estimated from empirical data available in
EIA Form 923 [124]. While unit heat rate will vary in time and across seasons as a function of
operational patterns and ambient temperatures, for simplicity we use constant average heat
rates applied to all generation output to assess fuel consumption and emissions factors. Fuel
emissions factors are referenced from the Environmental Protection Agency’s Greenhouse
Gas Inventory assumptions [125] with an assumed carbon capture efficiency of 90% [96]. If
more granular heat rate and emissions factor data are desired, the EPA’s Air Markets Pro-
gram Database (AMPD) provides hourly data at the unit-level for gross generation output,
fuel consumption, and CO2 emissions [126].

Additional generator characteristics specified for a given case study include the number
of existing legacy generators of that class and their associated installation year, to evaluate
natural retirement. Each generator can have an assumed maximum total expansion across
the modeled investment time horizon [no. units] and a maximum rate of expansion [no.
units/year]. These will vary by geography and are often excluded in high-level planning
studies to first identify the least-cost resource mix absent such limits. However, these optional
attributes can be used to characterize land-use constraints or local opposition to generation
expansion.

All generators also have specified parametric assumptions for minimum and maximum
temporal availability γ, γ [on a per unit basis]. The minimum generation γ will equal 0 in
all time steps for all generating units that are not associated with a so-called “must-run”
commitment. Such units could include combined heat and power plants that must burn
fuel to satisfy on-site heat demands. The maximum temporal generation γ will be equal to
1 in all time steps for all generating units that are not associated with weather-dependent
or seasonal production limitations. Most commonly, this will be applied to solar and wind
generators that rely on the instantaneous availability of energy from the ambient weather
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Electricity generators
Technology Electric

node
Gas
node

Unit
size
[MW]

Existing
units

Max. new
unit ex-
pansion
(annual/
total)

Natural gas CT 1 1 50 10 2/100
Coal 1 1 200 1 0/0
Natural gas CT 2 1 50 10 2/100
Coal 2 1 200 1 0/0
Natural gas CC 7 19 100 10 1/100
Natural gas CC 13 24 100 10 1/100
Natural gas CC 15 13 100 10 1/100
Coal 16 1 200 1 0/0
Nuclear 18 1 500 1 1/1
Natural gas CT 22 8 50 10 1/100
Coal 23 1 200 1 0/0
Solar PV 1 1 50 10 2/100
Wind 1 1 50 10 2/100
Solar PV 2 1 50 10 2/100
Wind 1 2 50 10 2/100
Solar PV 7 1 50 10 2/100
Wind 1 7 50 10 2/100
Natural gas CC-CCS 4 19 200 0 1/1
Natural gas CC-CCS 13 24 200 0 1/1
Solar PV 13 24 50 10 2/100
Wind 13 24 50 10 2/100
Natural gas CC-CCS 14 13 200 0 1/1
Solar PV 14 13 50 10 2/100
Wind 14 13 50 10 2/100
Natural gas CC-CCS 15 13 200 0 1/1
Solar PV 15 13 50 10 2/100
Wind 15 13 50 10 2/100
Solar PV 16 13 50 10 2/100
Wind 18 13 50 10 2/100
Natural gas CC-CCS 22 8 200 0 1/1
Solar PV 22 8 50 10 2/100
Solar PV 20 8 50 10 2/100

Table B.8: Network case study configuration of electricity generation units.
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Net-zero gas production units
Technology Electric

node
Gas
node

Unit
size
[MW]

Existing
units
[no.]

Max. new
unit ex-
pansion
(annual/
total)

Biomethane 17 5 10 0 2/10
Biomethane 23 20 10 0 2/10
Electrolytic hydrogen 14 15 10 0 4/20
Electrolytic hydrogen 9 10 10 0 4/20
Electrolytic hydrogen 17 3 10 0 4/20
Electrolytic hydrogen 23 22 10 0 4/20
Electrolytic hydrogen 2 17 10 0 4/20
Electro-methane 14 15 10 0 2/10
Electro-methane 9 10 10 0 2/10
Electro-methane 17 3 10 0 2/10
Electro-methane 23 22 10 0 2/10
Electro-methane 2 17 10 0 2/10

Table B.9: Case study network configuration of net-zero emissions gas production units.

conditions. However, some coal-fired generating stations have associated seasonal generation
constraints due to air quality regulations [127]. For fuel-secure, fully-dispatchable units, the
maximum per unit availability will be equal to 1 and the minimum per unit availability will
be equal to 0 in all time steps.

Temporal availability of electricity production from variable renewable energy generators
is specified using either historical generation data for the region of interest or simulated
production data for specific locations. Historical data is available for total hourly genera-
tion by fuel-type from EIA’s Form 930 Operating System Dashboard [92] (from July 2015
- present) and, in some cases, grid operator websites [128, 129]. Some entities also pub-
lish simulated production data across many historical weather-years for use in probabilistic
generation resource adequacy studies [130, 131].

To produce hourly capacity availability factors for each variable renewable resource, we
divide total generation in each hour by the amount of generation capacity installed at the
time. Installed capacity values for each historical month are estimated using EIA Form 860
data and can be aggregated to the state-, balancing authority-, or regional-level as needed
[93]. This approach abstracts away some spatial resource heterogeneity to produce a class-
average, regional renewable energy profile that is often sufficient for planning studies.

Where low-quality data exist for installed capacity or hourly generation, increasing the
regional scope can produce a plausible result that is less sensitive to missing or erroneous
data points. If no high-quality empirical data exist for a desired region from any of the
above sources, NREL’s System Advisory Model (SAM) [132] allows for granular simulation
of hourly and sub-hourly production profiles for specific locations, as specified by a latitude
and longitude.

All capital, operating, and fuel cost assumptions for electricity generators are referenced
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Electricity generators
Resource Unit

size
uω
[MW]

Life
time
τω
[years]

Max./
Min.
power
out-
put
[p.u.]

Max.
hourly
ramp
rate
[p.u./
hour]

Min.
up/
down
time
[hours]

Heat
rate
for
new/
legacy
gener-
ators
ηω
[MMBtu/
MWh]

Fuel
emissions
factor βω
[tCO2/
MMBtu]

Natural
gas com-
bustion
turbine
(CT)

50 55 0.1/1 1 1/1 9.51/
11.10

53.1

Natural
gas-fired
combined
cycle (CC)

100 55 0.3/1 0.7 2/1 6.40/
7.63

53.1

Coal 200 75 0.5/1 0.3 24/12 10.3/
10.00

97.7

Nuclear 500 60 0.5/1 0.25 36/36 10.46/
10.44

0

Solar PV 1 30 0/1 1 1/1 0/0 0
Wind 1 30 0/1 1 1/1 0/0 0
Natural
gas-fired
CC with
carbon
capture
and se-
ques-
tration
(CC+CCS)

500 55 0.4/1 0.6 4/3 7.53/
n.a.

5.31

Table B.10: Assumed design and operating characteristics for electricity generators.
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Net-zero emissions gas production
Technology Unit

size
uz
[MW]

Life
time
τz
[years]

Hydrogen
energy frac-
tion (LHV
basis) [%]

Conversion
efficiency
ηz [MWh
gas /
MWh
elec.]

Biomethane 1 40 0 n.a.
Electrolytic
hydrogen

5 20 100 0.65

Electro-
methane

5 20 0 0.45

Table B.11: Operating characteristics for power-to-gas units.

from the NREL’s ATB [94]. NREL’s ATB synthesizes the best available data in the literature
from government, professional, and academic sources to conduct bottom-up cost modeling
for each generation technology.

Appendix B.2.2. Gaseous energy supply

Energy supplies for the natural gas system include fossil natural gas supplies at the system
boundary or locally available at specific gas nodes and endogenously modeled production of
net-zero emissions fuels such as biomethane, hydrogen, or electro-methane.

Supply of natural gas are assumed to be available from outside of the region at the des-
ignated “slack” node. Local supplies of fossil natural gas can also be included by modifying
the maximum supply rate available at a given node Ŝ. Commodity costs of natural gas
are estimated based on NREL’s ATB [94]. For this work, we use annual average values in
order that the same commodity cost of natural gas can be assigned to all operations for a
given investment year. The cost of gas will fluctuate seasonally, however the impact of these
variations on the least-cost system design decisions across a multi-decade planning horizon
remains an area of future work. As legacy supply chains for energy are reshaped by the
transition to net-zero emissions energy systems, observed seasonal features in commodity
pricing may not be wholly illustrative of future patterns.

Net-zero emissions fuel production units will have an associated gas node, electrical node,
and operating characteristics such as conversion efficiency, hydrogen fraction, and operating
lifetimes. Default values are presented in Table B.11. Note that electrolytic fuels are not
technically net-zero emissions until the electricity supply comes from net-zero emissions
sources. However, for simplicity of exposition, we will refer to this family of fuels as net-zero
emissions gases.

Biomethane production facilities convert biogenic organic material into a raw biogas
through anaerobic digestion or a raw syngas through gasification. These gases are then
processed to remove bulk inert components (most commonly carbon dioxide and nitrogen)
and trace contaminants (hydrogen sulfide, siloxanes, etc.) required purity specifications for
consumption. The most common sources of biogas include landfills and wastewater treatment
facilities, both of which utilize anaerobic digestion. In the United States, these facilities are,
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in general, already required to capture and flare waste methane. As such, many facilities use
biogas productively for on-site generation of electricity and heat. Biogas can also be purified
or converted into biomethane by removing the carbon dioxide components. When methane
purity greater than 95% is achieved, biomethane is considered a drop-in interchangeable fuel
with fossil natural gas and can be introduced to the common-carrier pipeline.

Several technoeconomic studies have estimated the available supplies and levelized cost of
biomethane production [133]. This body of work indicates that sources of biomethane with
capture equipment already in place (i.e., existing landfills and anaerobic digesters at waste-
water treatment facilities) will offer the lowest-cost biomethane resource, with costs ranging
from $5 to $20/MMBtu ($17 to $68/MWh thermal). Smaller-scale, distributed animal waste
resources lie at the most expensive end of the supply curve with costs exceeding $60/MMBtu
($200/MWh thermal) [133].

Sustainable sources of biomethane are typically supply-constrained and can be subjected
to annual limitations. These limitations will be region-specific and subject to large uncertain-
ties as the current model formulation does not endogenously consider competing demands for
sustainable biofuels in the transportation sector. Biogas from anaerobic digestion will likely
be most cost-effectively converted to a gaseous fuel as it is already 50% methane. However,
syngas from biomass gasification may be converted to longer-chain hydrocarbons to produce
liquid fuels at similar unit energy costs by tuning the ratio of hydrogen to carbon entering
the fuel synthesis reactor. Given the relatively high value of liquid fuels per MJ and the lack
of good options for replacing some transport demands (most notably jet fuel), it is possible
that transport applications will be able to outbid gas consumers for biomass-based fuels.

Here, we use simple volumetric limits on the supply of biomethane, mimicking a de facto
price floor and supply cap imposed by higher-value demands for bio-energy in liquid fuels.
However, competition between the liquid and gaseous fuels markets for sustainable bioenergy
resources is a factor that should be accounted for more explicitly in future energy systems
planning optimization work.

In this work, we assume natural sources of waste methane will be captured and available
in a continuous fashion. To model this, we assume a levelized cost of biomethane equal
to $15/MMBtu ($51.20/MWh) and convert this to an equivalent fixed operating cost for a
facility with a 100% capacity utilization factor. In other words, a 1 MW biomethane produc-
tion facility can produce as much as 8760 MWh per year and will have an associated fixed
operating cost of $448/kW-year with no modeled variable operating and maintenance costs.
In this manner, the model will preferentially dispatch these resources with high utilization
factors, reflective of the, generally, continuous nature of biomethane production.

For hydrogen, we primarily consider proton exchange membrane electrolyzers as expert
elicitation studies suggest these are likely the dominant technology by 2030, achieving lower
capital costs and facilitating cost-effective intermittent operation [134]. For a most compre-
hensive overview of electrolyzer technologies, their capital and operating costs, and efficiency
characteristics we defer to [135], [136] and [137]. We assume that electrolytic hydrogen pro-
duction facilities will blend 100% hydrogen into the natural gas system, and produced oxygen
is assumed to be vented to the atmosphere.

Electrolyzer conversion efficiencies are expected to improve over time. Near-term projects
have been referenced between 40 and 69% [138] but are likely to achieve efficiencies closer
to 60% [135]. By mid-century it is anticipated that efficiencies will reach or exceed 70%
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[135]. However, as we model a single set of operating parameters for all units in each
technology class, we use an estimate of 65% (consistent with the 2035 scenario in [139]
and the “Next-decade” case in [137]). Future model extensions may accommodate changing
technology characteristics with more granular equipment vintage tracking or by including
multiple classes of electrolyzer technology, which become available in a future investment
year.

The capital cost trajectory for electrolyzers is highly uncertain and a wide range of
estimates exist in the literature. Here, we assume a moderate case where these capital costs
scale linearly from $1,025/kWe in 2018 to $570/kWe in 2030 and to $485/kWe in 2050
based on the analysis in [137]. Fixed operating cost estimates generally range from 2-5% of
capital investment with the cost of stack replacements across a 20-year plant life estimated
at 50-60% of investment cost [138]. Other studies also suggest stack replacement intervals of
7-10 years with costs equal to 15% of installed capital cost [139]. Here, we adopt the same
approach taken by [137] and consistent with [139] and assume fixed annual operating costs
(including stack replacements) equal to 7.5% of capital investment. The largest variable cost
of hydrogen production will be the endogenously-evaluated cost of input electricity. As such
only small additional variable costs are modeled to account for the cost of water (0.08 $/kg
H2) and estimated costs of compression [136].

For electro-methane production, we assume electrolytic hydrogen is combined with climate-
neutral carbon dioxide to produce a net-zero emissions methane-rich fuel gas that can act
as a drop-in substitute for fossil natural gas. The conversion efficiencies for electrolyzers are
the same as outlined above. Reverse water-gas shift reactors are used to convert a stream
of hydrogen and carbon dioxide into a syngas with larger mole fractions of carbon monoxide
and hydrogen. This syngas can be passed into a Fischer-Tropsch fuel synthesis reactor to
generate hydrocarbons such as methane, ethane, and butane. Taken together, this yields an
all-in electricity-to-fuel efficiency of 45%. This is in general agreement with other studies
that find efficiencies of 33-41% [140].

The capital cost of a fuel synthesis reactor to convert carbon dioxide and electrolytic hy-
drogen to methane is assumed to decline linearly from $1,770/kWfuel in 2018 to $1,010/kWfuel

in 2030 and further to $760/kWfuel in 2050 based on the analysis of [138] and [137]. Assum-
ing the same electrolytic efficiency of 65% and applying a fuel synthesis efficiency of 70%,
these costs are converted to [$/kWe].

Recent studies have found that optimally-designed electrofuels plants will include stor-
age of heat, hydrogen, and carbon dioxide to achieve high utilization factors for capital-
intensive carbon capture and catalytic upgrading equipment [141, 137]. These effects are
non-negligible, but challenging to incorporate endogenous to the system-wide planning opti-
mization. Instead, we create a simplified “black box” representation that considers these cost
components of electro-methane as variable costs assuming a fixed capacity factor utilization
of fuel synthesis equipment and a fixed cost of climate-neutral carbon dioxide. These capital
costs are levelized across an assumed 20-year plant life using a capital recovery factor of
0.1, reflective of a 7% internal rate of return. The fixed operating costs for fuel synthesis
reactors are assumed to be 10% of invested capital, inclusive of any necessary investments
in hydrogen or carbon dioxide storage for system design optimization. These fixed costs are
then levelized across an assumed 75% utilization factor.

Costs of climate-neutral carbon dioxide for fuel synthesis are assumed to decline linearly
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from present day values of $600/tCO2 in 2018 to $130/tCO2 in 2040 [137]. The fuel syn-
thesis reactor is assumed to have a carbon dioxide conversion efficiency of 95% [138, 137].
Other studies suggest lower carbon efficiencies for Fischer-Tropsch reactors, ranging from
65%-89% [140], however here, we assume unconverted CO2 can be recirculated to achieve
higher conversion fractions. These costs are accounted for in the variable cost of electro-
methane, and the only explicitly-modeled electro-methane capital and fixed operating costs
is that of the electrolyzer. In future work, the set of decision variables may be extended
to co-optimize capture of climate-neutral carbon dioxide, generation of net-zero emissions
hydrogen, production of electro-fuels, and any intermediate storage of energy or chemicals
(as implemented in [137]).

In this work, we only explicitly track hydrogen and assume the remainder of gas in
the pipeline network can be modeled as methane. We limit hydrogen transmitted through
a pipeline or delivered for consumption at a node to less than 20 mol.% of the mixture
[142]. However, ongoing research continues to examine the materials limitations of hydrogen
delivery and consumption.

Future work may extend the component tracking formulation to account for additional
constituents, such as carbon dioxide or ethane, and their impacts on heating value, specific
gravity, and gas interchangeability indices. Optimized blending of liquified petroleum gases
or inert components, like nitrogen, could be used to control gas quality and ensure combustion
interchangeability for all end-use customers. Future modeling extensions may also consider
additional sources of low-emissions hydrogen from natural gas steam methane reforming or
methane pyrolysis equipped with carbon capture technologies. These are not modeled in the
current work, but are easily accommodated in future study as net-zero emissions gas units.

Appendix B.3. Energy storage

In this work, we model energy storage units for gas and electrical energy, each specified
by an associated gas node, electricity node, and set of operating characteristics presented for
a set of template technology types in Table B.13. Network location and sizing of electricity
and gas storage units is presented in Table B.12.

Note that there is an ever-expanding set of storage technologies under development to
serve the range of market niches that may exist in a decarbonized energy system. In this
work, we parameterize each storage technology using a generalized set of specifications for
technology charge and discharge efficiencies and hourly loss rates.

First, we model a short-duration electricity storage candidate based on 4-hour duration
lithium-ion battery technology. We use technology cost assumptions from the NREL’s 2020
ATB [94] and their referenced sources [95]. Lithium-ion charge/discharge efficiencies and
estimated lifetimes are referenced from [96] and [94].

Second, we model a long-duration electricity storage candidate based on electrolysis
paired with underground hydrogen storage [74] and a hydrogen-fueled combined cycle gas
turbine. Electrolyzer cost and efficiency assumptions are explained in Section Appendix
B.2. Parasitic energy consumption for compression for underground storage can exceed 8%
of hydrogen energy (on an LHV basis) and can be as high as 16% for tank storage [143].
Energy required for compression [144] and any potential compression losses [145] are applied
to the electrolyzer conversion efficiency to estimate the storage charging efficiency of 63%.
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Electricity storage units
Technology Electric

node
Gas
node

Unit
size
[MW]

Existing
units

Max. new
unit ex-
pansion
(annual/
total)

Lithium-ion battery 1 1 10 0 5/200
Long-duration H2 stor. 1 1 50 0 2/20
Lithium-ion battery 11 1 10 0 5/200
Long-duration H2 stor. 11 1 50 0 2/20
Lithium-ion battery 12 1 10 0 5/200
Long-duration H2 stor. 12 1 50 0 2/20
Lithium-ion battery 17 1 10 0 5/200
Long-duration H2 stor. 17 1 50 0 2/20
Lithium-ion battery 23 1 10 0 5/200
Long-duration H2 stor. 23 1 50 0 2/20
Lithium-ion battery 18 1 5 0 10/200
Lithium-ion battery 3 1 5 0 10/200
Lithium-ion battery 2 1 5 0 10/200
Lithium-ion battery 20 1 5 0 10/200

Gas storage units
Technology Electric

node
Gas
node

Unit
size

Existing
units

Max.
new unit
expan-
sion (an-
nual/total)

Underground gas stor. 1 3 1300 1 0/0
Underground gas stor. 1 14 1300 1 0/0

Table B.12: Case study network configuration of energy storage resources.
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Storage
Technology Unit

size
us
[MW]

Dura-
tion
[hrs]

Life
time
τs
[years]

Charge
efficiency
η+
s [MWh

to stor-
age/ MWh
elec.]

Discharge
efficiency η−s
[MWh elec./
MWh from
storage]

Loss
rate ηls

Lithium
ion battery

1 4 15 0.92 0.92 1% per
month

Long-
duration
storage

50 720 55 0.63 0.53 0.01%
per
year

Subsurface
gas storage

1300 1200 75 0.96 0.995 0.01%
per
year

Table B.13: Operating characteristics for energy storage units

Capital costs of the underground hydrogen storage are assumed to scale with total volumet-
ric energy capacity and remain constant across our planning horizon at $0.35/kWh [146]
(escalated to 2018$). A hydrogen combined-cycle gas turbine is modeled after a natural gas
combined-cycle turbine and assumed to perform at similar LHV efficiency (53%) and cost
per [94].

Third, underground natural gas storage fields are also modeled and are sized based on the
average facility in the United States [97]. These facilities are modeled using the same set of
operating parameters as electrical energy storage, however there may be important transient
features that are not addressed by this model simplification as shown by [73]. The only
associated efficiency losses are in compression of natural gas [144] and minor modeled losses
of 0.01% per year from the subsurface [74]. In order to approximate the limits on flexible
charging and discharging of gas storage, we require that gas storage facilities have the same
charge/discharge rate in all hours across each representative day. This approach is consistent
with the average gas pipeline flows evaluated in steady-state across each representative day
and the gaseous energy balance enforced across each representative day.

All storage technologies are modeled as flexible units without any parametric limitations
on the rate of change of charge or discharge (i.e., hourly ramp rates, minimum up- or down-
times). These attributes may be important for some less flexible gaseous and thermal energy
storage technologies and can be accommodated in future work by adapting the constraint
set to apply to storage charge/discharge variables ψ+, ψ−.

Some energy storage technologies may be flexibly designed to optimize the storage dura-
tion, with different power capacity for charging and discharging. For example, the modeled
long-duration hydrogen storage may separately size the electrolyzer, the storage tank, and
the combustion turbine to fit the system’s needs. This functionality is included in similar
models in the literature and has been used to identify the storage sttributes which offer
the greatest system value [96]. In future versions of this work, decision variables may be
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included for all three storage technology attributes: charge power capacity [MW], energy
storage capacity [MWh], and discharge power capacity [MW]. In addition, electro-chemical
storage capacity is expected to degrade over time and as a function of cycling behavior. This
feature is not included in the current model formulation, but could be accommodated in
future work.

Appendix B.4. Transmission and distribution

Appendix B.4.1. Network topology

The transfer of gas and electricity between nodes on each system is governed by the
network configuration. Here, we describe the parameters for each edge that are required
to fully specify a network configuration. We also describe the approach to estimate costs
associated with transmission and distribution infrastructure operation, maintenance, and
re-investment.

Electricity transmission lines are specified by an origin node, a terminus node, and a
maximum power flow. If the steady-state DC power-flow models are employed, the network
must also be specified by a base MVA, line impedance on a per unit basis, and a designated
slack (or reference) bus with its voltage angle constrained to equal 0. Template examples of
such power networks are available from the IEEE.

Gas transmission pipelines are specified by an origin node, a terminus node, a pipeline
diameter, length, and friction factor. Each transmission pipeline will also have a maximum
compression ratio α. Compression ratios for gas transmission compressors are always greater
than 1 and typically below 2, however multi-stage compression units can be used to produce
larger maximum compression ratios [147]. If a compressor does not exist on the pipeline
then both compression ratio bounds are equal to 1.

Generating transmission network topology data sets can be challenging as this informa-
tion is generally withheld due to security concerns. Previous work by this author has used
geographic information systems (GIS) data sources to generate plausible network connections
between potential sources of gas and regional demands at the zip-code level [148]. Pipeline
network data sets have also been created for a 24-pipeline template system [23], the Belgian
gas network [32], and the Transcontinental pipeline [149]. However, when using GIS data, it
can be challenging to identify where distribution-level off-takes exist and where transmission-
level features may be intersecting, but do not exchange energy. Missing network connections
due to slight misalignment in two transmission features can result in infeasible networks with
stranded sections of energy demands. In addition, important topology information may be
abstracted away when features (such as parallel, but not connected pipelines) are lumped
together as a single network edge. For the most recent overview of approaches in synthetic
pipeline and electricity network creation see [149].

For the case study presented in Section 4, the assumed topology for gas and electric
networks is presented in Table B.14 and Table B.15, respectively.

Appendix B.4.2. Infrastructure costs

In this work, fixed costs of energy transmission and distribution (T&D) infrastructure
investment and maintenance are abstracted behind exogenous assumptions based on system
attributes illustrative of the capacity of generic T&D infrastructure and correlated with the
revenue requirement of an energy utility provider.
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Origin
node

Terminus
node

Diameter
[m]

Length [m] Friction
factor

Max com-
pression ratio
[MPa/MPa]

1 2 0.9144 100 0.01 2
2 3 0.635 30 0.01 1
3 4 0.635 5 0.01 2
4 5 0.635 15 0.01 1
5 6 0.635 10 0.01 1
5 7 0.635 5 0.01 1
7 8 0.635 10 0.01 1
2 9 0.9144 5 0.01 2
9 10 0.9144 60 0.01 1
10 11 0.635 5 0.01 1
11 12 0.635 8 0.01 1
11 13 0.635 6 0.01 1
10 14 0.9144 80 0.01 1
14 15 0.9144 10 0.01 2
15 16 0.9144 20 0.01 1
16 17 0.635 3 0.01 1
17 18 0.635 6 0.01 1
16 19 0.635 5 0.01 1
15 20 0.9144 40 0.01 1
20 21 0.9144 5 0.01 2
21 22 0.9144 20 0.01 1
22 23 0.9144 5 0.01 1
23 24 0.9144 16 0.01 1
22 25 0.635 8 0.01 1

Table B.14: Case study network configuration of gas pipeline interconnections.
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Origin node Terminus node Max rated
power flow
[MW]

Reactance
[p.u.]

1 2 175 0.014
1 3 175 0.211
1 5 175 0.065
2 4 175 0.127
2 6 175 0.192
3 9 175 0.119
3 24 400 0.084
4 9 175 0.104
5 10 175 0.088
6 10 175 0.061
7 6 175 0.061
8 9 175 0.165
8 10 175 0.165
9 11 400 0.084
9 12 400 0.084
10 11 400 0.084
10 12 400 0.084
11 13 500 0.048
11 14 500 0.042
12 13 500 0.048
12 23 500 0.097
13 23 500 0.087
14 16 500 0.059
15 16 500 0.017
15 21 500 0.049
15 21 500 0.049
15 24 500 0.052
16 17 500 0.026
16 19 500 0.023
17 18 500 0.014
17 22 500 0.105
18 21 500 0.026
18 21 500 0.026
19 20 500 0.04
19 20 500 0.04
20 23 500 0.022
20 23 500 0.022
21 22 500 0.068

Table B.15: Case study network configuration of electricity transmission interconnections.
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For the electricity system, the capacity of transmission and distribution infrastructure
will roughly scale with the instantaneous peak in energy demand on the system. These
correlations have been identified in the academic literature [98] and are widely used to
estimate the value of distributed energy resources or the avoided costs due to energy efficiency
measures [150, 151, 152]. Other regulatory proceedings have generated utility-specific values
for the marginal cost of transmission and distribution capacity [153].

In California, the marginal costs of transmission capacity are estimated using utility-
specific data either from the General Rate Case or Commission data requests. These calcu-
lations produce utility-specific results that range from $11.75 to $28.52 per kW-year [153].
The marginal costs of distribution infrastructure are partitioned into the near-term and the
long-run marginal costs using different data sources. Project deferral data allows such esti-
mates for the near-term marginal costs. These values can range as low as $3.66/kW- (for
San Diego Gas & Electric territory) to $29.13/kW-y (for Southern California Edison) [153].
For long-run marginal costs of distribution capacity, General Rate Case data are used to es-
timate the costs of meeting incremental peak-coincident electricity demands. This produces
a wider range of estimates spanning $19.48 to $206.57 per kW-y in the case of California
utilities [153].

For the generalized purpose of this model, we abstract these factors behind a single default
cost value – the incremental cost of non-modeled electricity transmission and distribution
infrastructure to serve peak demands is assumed to be $21/kWpeak-year and $52/kWpeak-
year, respectively [98].

For the gas system, fixed costs of gas distribution system maintenance are estimated
based on EIA Form 176 filings by natural gas distribution companies [99]. We estimate
the fixed costs of system maintenance and re-investment as the difference between total
revenues collected and the costs of fuel delivered. We use city-gate natural gas prices from
EIA for each state and separately estimate the fixed costs of distribution allocated to the
residential and commercial sectors. We assume the industrial sector bears a negligible share
of distribution costs in their rates.

Proportionate monthly deliveries are estimated for each state based on EIA RECS [80]
and CBECS [81] data, paired with temporal profiles for energy consumption by end use from
EFS data [102]. These hourly profiles offer a rough estimate of the relative monthly gas
consumption and are meant to capture the coarse relationships between the cost of natural
gas and the relative demand for distribution-level end-uses. This likely represents an over-
estimate of the degree to which gas distribution companies are exposed to the monthly city-
gate price as long-term contracts and gas storage facilities are used to hedge price exposure.

Figure B.14 presents the distribution of estimated fixed system costs for residential and
commercial sectors across gas companies and averaged across states. Note that revenues
collected from particular sectors may not perfectly align with cost causation principles, and
some degree of customer class subsidization is expected. Further, long-term contracts for
natural gas and use of seasonal gas storage fields allow distribution companies to reduce
exposure to the seasonal fluctuation in city-gate prices. However, to a first-order, these offer
plausible estimates for the cost-of-service of gas distribution.

The proposed model does not currently implement expansion variables for gas or electric
transmission units. Introducing expansion and retirement of transmission assets would allow
for more explicit fixed cost considerations, using the characteristics of the network assets in
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Figure B.14: Distribution of estimated gas distribution utility fixed costs for the year 2019.

the gas and electricity systems. The most widely cited cost estimates for development of
new electric transmission can be found in [154]. Cost estimates for gas pipeline projects
is published by the EIA [155] and can be used to inform estimates for new transmission
pipeline expansion as a function of pipeline length and diameter. Transmission expansion
scenarios should be modeled with extreme caution, however, as these projects are more
often constrained by regulatory, social, and political barriers than the relative economics.
As such, even as new transmission is routinely found to play a keystone role in cost-effective
decarbonized energy systems [156, 157], scenarios for integrated gas-electric energy system
planning should be cognizant of the limitations that may exist on regional transfer of energy
with existing infrastructure.

Appendix B.5. Energy policy constraints

Emissions intensity constraints are included for the electricity sector and the gas sector.
Sub-national climate policies target net-zero economy-wide emissions by 2045 [158] or 2050
[159, 160] with specific targets for the emissions associated with retail electricity sales [161].
However, many climate policies lack meaningful enforcement of interim targets and no current
law requires such emissions reductions in the natural gas sector.

To fully specify the emissions constraint equations, every modeled investment year must
have a corresponding emissions intensity limit for both the electricity and the gas sector
entities. Each case study will have parameters for emissions intensity trajectories either
informed by current policy, voluntary targets, or illustrative decarbonization scenarios. This
modeling framework offers a maximal degree of flexibility to test the impact of pace and
timing of such sector-specific emissions constraints. For context, we present a sampling of
emissions intensity estimates in Table B.16 for typical sources of delivered electricity and gas
using the characteristics outlined in Table B.10 and B.11.

Model functionality is also included to test the impact of permitting negative emissions
technologies for atmospheric carbon removal. Some existing climate policies permit some use
of negative emissions offsets bound by 7% of a regulated entities emissions liabilities [162].
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Electricity Gas
Source Emissions

intensity
[kgCO2/
MWh elec.]

Source Emissions
intensity
[kgCO2/
MWh fuel]

Solar/Wind 0 Biomethane 0
Coal-fired genera-
tion

1,006 Electrolytic H2 (Solar) 0

Natural Gas-fired
CT

504 Electrolytic H2 (Natu-
ral Gas-fired CC)

523

Natural Gas-fired
CC

340 Electro-methane
(Natural Gas-fired
CC+CCS)

89

Natural Gas-fired
CC+CCS

40 Fossil Natural Gas 181

Table B.16: Greenhouse gas emissions intensity for a variety of illustrative electricity and gaseous energy
sources for conceptual comparison with system-wide targets.

However, large uncertainties exist about the bio-physical limitations of cost-effective carbon
removal [163, 164] and the permanence of existing offset projects [165, 166]. For all results
presented here, negative emissions offsets or atmospheric carbon removal are not permitted.
As such, these variables are constrained to maximum shares of emissions liabilities equal to
0%.

Note that we do not model or account for the costs or climate impacts of any non-CO2

co-pollutants or the associated public health consequences. This remains an important area
for future study. Specifically, as heat pump technologies become a keystone feature of decar-
bonized energy systems, the life-cycle impacts of refrigerants will be important to include.
We also do not include natural gas leakage from production, transmission, and distribution
systems [167] or from gas-fired appliances [168]. Methane leakage may account for non-
negligible life-cycle climate impacts for intentionally produced methane [169]. However, this
feature can be accommodated by the presented modeling framework in future studies.

Further, as illustrated in Table B.16, emissions impacts of electro-fuels may be significant
if not generated using clean electricity. The current model implementation applies a net-
zero emissions intensity to any direct-use of electro-fuels. This represents a policy scenario
where contractual arrangements are made by electro-fuels production facilities to operate
with 100% emission-free electricity. In the proposed modeling framework, liabilities for any
upstream emissions associated with the production of net-zero emissions fuel are accounted
for in total emissions of electricity generation. This represents a model simplification to
avoid double-counting of GHG emissions liabilities, and to reflect one plausible regulatory
future.

Finally, we treat biomethane as a climate-neutral fuel with an assessed emissions in-
tensity of 0 [tCO2/MWh]. Current biomethane projects are typically credited for the high
global warming potential methane emissions avoided through capture and productive use
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of methane [148]. This can result in net negative life-cycle carbon intensity values. The
implicit assumption of our study is that the anthropogenic release of methane from waste
management and agricultural facilities is or will soon be regulated to be zero. As such, the
baseline from which any emissions benefit is evaluated for incremental productive use of
biomethane is zero, rather than the unmitigated release of methane.

Appendix B.6. Present value discounting

All modeled costs must be discounted to present value, in a variety of contexts, to account
for both the realistic cost of interest-bearing capital required for investments and the societal
value of delayed capital outlays, allowing for. A rich literature exists on the many dimensions
of discount rates, however, here we simply aim to address the risk-adjusted cost of capital
for infrastructure investments and the potential risk-free capital accumulation for delay of
capital outlays.

For all capital investments, we use a weighted average cost of capital to amortize upfront
capital costs across the economic lifetime of infrastructure. The weighted average cost of
capital here represents a reasonable value for this illustrative analysis [100]. In practice, each
candidate generator, storage, or power-to-gas resource will have a different cost of capital
based on the respective share of debt and equity financing and the level of associated technical
and regulatory risk. Further, consumer investments in appliances will experience a higher
discount rate than corporate investments with access to lower cost financing.

In the objective function, we use a societal discounting factor d, reflective of the societal
value of delaying costs. This value may range from 0% to 7% depending on the view taken
by the modeler. A higher societal discount rate will allocate greater weight in the objective
function to near-term transition costs and neglect long-term costs of the net-zero emissions
end-state. A discount rate of 0% will place much larger emphasis on the long-run costs of
operating and reinvesting in the decarbonized energy system. Discount rate assumptions will
play a larger role in situations with rapidly changing technology costs that may enable a more
cost-effective long-term solution by relying on infrastructure that are currently uneconomic.

Similar bipartite discounting framework have been employed in other energy systems
planning optimization programs to account for different contexts when discounting future
dollars to present value [170].

Appendix B.7. Cost assumptions

Specific information on the capital and operating cost assumptions used for the illustrative
case study are included below.

Appendix C. Model outputs

Appendix C.1. Investment and operational decisions

Capacity investment decisions are the primary model output, providing insight into the
least-cost mix of energy supply and demand units to satisfy an emissions constraint trajec-
tory. These investment decisions include the timing and location of infrastructure expansion
and retirement decisions for electricity generators, net-zero emissions gas production units,
energy storage technologies, and consumer appliances.
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Capital Cost [2018$/kW]
Resource 2020 2025 2030 2035 2040
Natural gas CT 934 887 862 844 830
Natural gas CC 1034 967 944 925 910
Coal 3593 3559 3516 3461 3398
Nuclear 6062 5906 5734 5545 5341
Solar PV 1325 1072 819 782 746
Wind 1786 1615 1412 1357 1300
Natural gas CC+CCS 2588 2346 2254 2156 2073
Biomethane 0 0 0 0 0
Electrolytic hydrogen 950 760 570 548 527
Electro-methane 950 760 570 548 527
Lithium ion battery 1455 1004 817 766 715
Long-duration storage 2225 1980 1765 1725 1690

Fixed Operating Cost [2018$/kW-yr]
Resource 2020 2025 2030 2035 2040
Natural gas CT 11 11 11 11 11
Natural gas CC 13 13 13 13 13
Coal 40 40 40 40 40
Nuclear 119 119 119 119 119
Solar PV 16 13 10 9 9
Wind 42 41 39 37 35
Natural gas CC+CCS 27 27 27 27 27
Biomethane 448 448 448 448 448
Electrolytic hydrogen 71.20 57.00 42.75 41.15 39.56
Electro-methane 71.20 57.00 42.75 41.15 39.56
Lithium ion battery 36.37 25.10 20.43 19.15 17.88
Long-duration storage 84.05 69.83 55.61 54.02 52.43

Table B.17: Assumed capital and fixed operating costs for generation, power-to-gas, and storage units [2018$]
for the planning time horizon
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Variable Operating Cost [2018$/MWh]
Resource 2020 2025 2030 2035 2040
Natural gas CT 2 2 2 2 2
Natural gas CC 4 4 4 4 4
Coal 4 4 4 4 4
Nuclear 2 2 2 2 2
Solar PV 0 0 0 0 0
Wind 0 0 0 0 0
Natural gas CC+CCS 6 6 6 6 6
Biomethane 0 0 0 0 0
Electrolytic hydrogen 0 0 0 0 0
Electro-methane 126.90 102.53 78.19 57.36 36.54
Lithium ion battery 0 0 0 0 0
Long-duration storage 0 0 0 0 0

Table B.18: Assumed variable operating costs for generation, power-to-gas, and storage units [2018$] for the
planning time horizon

Optimal system operations decisions also lend insight regarding the implications of a cost-
effective transition to deeply decarbonized systems. Total annual electricity generation by
fuel type and generation curtailment values are identified across the modeled time horizon. In
addition, the model outputs the composition of gaseous fuel used to serve core gas demands
or to fuel gas-fired electricity generators. The share of net-zero emissions gas that is directed
for nominal consumption in the gas sector and the electricity sector to satisfy sector-specific
emissions constraints.

In addition to annual metrics, operational patterns may be visualized for electricity grid
dispatch during specific days or weeks of operation. Of particular interest are the weeks of the
year with peak total electricity demand and peak net electricity demand (after subtracting
available renewable energy generation) as these periods stress the system. In the integrated
gas-electric system operations, we also observe particular times when remaining core gas
demands are largest as these may offer directional insight regarding appliance electrification
decisions.

Appendix C.2. Total system costs

Total system costs can be accessed on an annualized basis for each modeled investment
year, by technology or location using the unit-specific expansion, retirement, and operations
decisions. Annual total system costs can be partitioned by sector-specific components in-
cluding electricity generation, storage, transmission & distribution, net-zero emissions gas
production, gas transmission & distribution infrastructure, and customer appliance invest-
ments.

The electric power sector costs are partitioned across generation capacity costs Cgen.,P
i ,

fuel costs Cfuel,P
i , costs of electrical storage Cstor.,P

i , and transmission and distribution in-
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Installed Cost [2018$/unit]
Residential appliances Year

2020 2025 2030 2035 2040

Gas furnace [4 ton] 1980 1980 1980 1980 1980
Gas water heater [50
gal.]

737 737 737 737 737

Gas stove [4 9,500
BTU-burner]

2000 2000 2000 2000 2000

Electric heat pump [4
ton]

6922 6638 6355 6071 5788

Heat pump water
heater [50 gal.]

1733 1662 1418 1347 1155

Electric induction
stove [4 5kW-burner]

2000 2000 2000 2000 2000

Commercial appli-
ances

Year

2020 2025 2030 2035 2040

Gas furnace [10 ton] 5230 5230 5230 5230 5230
Gas water heater [199
kBTU/hour]

6000 6000 6000 6000 6000

Gas stove [24 9,500
BTU-burner]

12000 12000 12000 12000 12000

Electric heat pump [10
ton]

10710 9954 9198 8694 8190

Heat pump wa-
ter heater [74
kBTU/hour]

23652 21368 19192 17871 16550

Electric induction
stove [24 5kW-burner]

12000 12000 12000 12000 12000

Table B.19: Assumed installed cost of gas and electric appliances [2018$/unit]

Fuel 2020 2025 2030 2035 2040

Natural gas 2.60 3.25 3.57 3.67 3.74
Coal 2 2 2 2 2
Nuclear 0.67 0.67 0.68 0.69 0.70

Table B.20: Assumed fuel costs [2018$/MMBtu] for electricity generation and commodity natural gas from
[94]
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frastructure CT&D.,P
i as presented in Eq. (C.1).

Cgen.,P
i =

∑

j∈[i]

∑

x∈Ω

(
κxC

cap
j,x δj,x + CFOM

i,x (mi,x)
)

∀i ∈ I (C.1a)

Cfuel,P
i =

∑

r∈R

∑

o∈O
w(i,r)

∑

ω∈Ω

(Cfuel
i,ω ηω+CV OM

i,ω )ΓP(i,r,o),ω − CG
i ξ

P
i ∀i ∈ I (C.1b)

Cstor.,P
i =

∑

j∈[i]

∑

x∈SP

(
κxC

cap
j,x δj,x + CFOM

i,x mi,x

)
∀i ∈ I (C.1c)

CT&D.,P
i =Cpeak

∑

n∈NP

(Φ
P

i,n −max(r,o)Φ̂
P
(i,r,o),n) ∀i ∈ I (C.1d)

The gas sector costs are partitioned across the costs of net-zero gas generation units
Cgen.,G
i , commodity fuel costs of natural gas for core demands Cfuel,G

i , investment and op-
erating costs of gas storage units Cstor,G

i , and transmission and distribution infrastructure
CT&D.,G
i . These computations are presented in Eq. (C.2).

Cgen.,G
i =

∑

z∈Z

∑

j∈[i]

κzC
cap
j,z δj,z + CFOM

i,z mi,z

+
∑

r∈R

∑

o∈O
w(i,r)

∑

z∈Z
CV OM
i,z ΓZ(i,r,o),z ∀i ∈ I (C.2a)

Cfuel,G
i =

∑

r∈R

∑

o∈O

∑

n∈NG

w(i,r)C
G
i ΦG

(i,r,o),n − CG
i ξ

G
i ∀i ∈ I (C.2b)

Cstor,G
i =

∑

j∈[i]

∑

x∈SG

(
κxC

cap
j,x δj,x + CFOM

i,x mi,x

)
∀i ∈ I (C.2c)

CT&D.,G
i =

∑

n∈NG

(1− ζi,n)Cdist
n ∀i ∈ I (C.2d)

The costs of customer appliance investments are calculated in a similar manner, summing
capital investment in appliances:

Capps
i =

∑

j∈[i]

∑

x∈A
κxC

cap
j,x δj,x ∀i ∈ I. (C.3)

Lastly, we include the cost of any GHG emissions that exceed the permitted emissions
intensity for gas and electric power entities CNETs

i assessed at a cost representing the cost
of negative emissions offsets for carbon removal or the social cost of carbon:

CNETs
i = CCO2

i (εGi + εPi ) ∀i ∈ I. (C.4)

Note that these are coarse representations of system costs and do not account for the
interactive effects to avoid double-counting any costs. For example, the fuel costs of gener-
ators do not include the cost of net-zero emissions gas as these are included in a separate
tranche of system costs.
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Appendix C.3. Average costs of energy

The model also computes the average cost of delivered energy for both the gas and electric
sectors. This metric offers a first-order estimate of how volumetric energy rates may evolve
across the modeled investment horizon. However, this computation requires assumptions
regarding the share of cross-sector investments (i.e., net-zero emissions fuels) that may be
borne by ratepayers of each energy system. In this work, investment and operating costs
of net-zero emissions fuel production units are amortized across total production of net-
zero emissions gas. Any electricity consumption to generate electro-fuels is assessed at the
average cost of delivered electricity. This average cost of net-zero emissions gas is allocated
proportionately to the gas and electricity revenue requirements according to the nominal
share of net-zero emissions gas production assigned to each entity in the computation of
sector-specific emissions liabilities.

For simplicity of exposition, we introduce quantities for total annual generation of electri-
cal power ΓP

i , deliveries of gas ΦG
i , production of net-zero emissions gas ΓZ

i and consumption
of electric power for production of electro-fuels φZ

i :

ΓP
i =

∑

r∈R

∑

o∈O

∑

ω∈Ω

w(i,r)Γ
P
(i,r,o),ω ∀i ∈ I, (C.5a)

ΦG
i =

∑

r∈R

∑

o∈O

∑

n∈NG

w(i,r)Φ
G
(i,r,o),n ∀i ∈ I, (C.5b)

ΓZ
i =

∑

z∈Z

∑

r∈R

∑

o∈O
w(i,r)Γ

Z
(i,r,o),z ∀i ∈ I, (C.5c)

φZ
i =

∑

r∈R

∑

o∈O

∑

z∈Z
w(i,r)Φ

Z
(i,r,o),z ∀i ∈ I. (C.5d)

Using the total societal cost terms defined in Eq. (C.1) - (C.2), we define the average
costs of delivered electric power µPi and gas µGi as a function of the average cost of net-zero
emissions gas production µZi .

µPi =
Cgen,P
i +Cfuel,P

i +Cstor,P
i +CT&D,P

i +CCO2
i εPi +ξPi (µZi−CG

i )

ΓP
i

∀i ∈ I (C.6a)

µZi =
Cgen,G
i + φZ

i µ
P
i

ΓZ
i

∀i ∈ I (C.6b)

µGi =
Cfuel,G
i + Cstor,G

i + CT&D,G
i + CCO2

i εGi + ξGi (µZi − CG
i )

ΦG
i

∀i ∈ I (C.6c)

The average cost of electric power µPi is estimated in Eq. (C.6a) to be the sum of
variable operating costs Cfuel,P

i , negative emissions offsets CCO2
i εPi , and the incremental cost

of net-zero emissions gas purchases ξPi , assessed at the average cost of net-zero emissions gas
production µZi , relative to the cost of commodity gas CG

i already included in Cfuel,P
i . These

costs are then levelized across total electricity generation ΓP
i .

The cost of net-zero emissions gas µZi is then cast in Eq. (C.6b) as a function of electric
power costs µPi . The cost of net-zero emissions gas is equal to the sum of capital investments
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and operating costs of net-zero emissions production Cgen,G and the costs of all electric power
inputs φZ

i (as assessed at the average cost of electricity). These costs are levelized across
the total production of net-zero emissions gas ΓZ

i .
The average costs of gas delivered µGi can be straightforwardly computed in Eq. (C.6c)

using the fuel costs of commodity natural gas to serve core demands Cfuel,G
i , the costs of

gas storage Cstor,G
i , the costs of distribution infrastructure CT&D,G

i and the costs of negative
emissions offsets for the gas sector CCO2

i εGi . In addition, the gas sector purchases of net-zero
emissions gas ξGi are assessed at the incremental cost of net-zero emissions gas µZi relative to
commodity gas costs CG

i . These costs are levelized for recovery across all core gas demands
served ΦG

i .
The term in Eq. (C.6b) is substituted in Eq. (C.6a) to compute the value of µPi in closed

form. Subsequently, the average cost of net-zero emissions gas µZi can be computed using Eq.
(C.6b) and the value of µPi . Finally, the average cost of gas delivered µGi can be computed
using Eq. (C.6c) and the value of µZi .

The above equations are solved ex-post after system optimization to assess how average
costs of delivered energy could evolve across the transition.

Note that while all costs are included in the societal cost objective function (and the total
system cost model outputs presented in Section Appendix C.2), appliance costs are excluded
from the average cost of energy calculations outlined in Eq. (C.6). The cost of appliances
and associated building retro-fits are borne directly by the customer and not included in the
revenue requirement for an energy utility. However, future work may also account for utility
subsidies for appliance investments or the required building upgrades in the computation of
average rates.

These results are key to interpreting the economic implications and feasibility of the
identified least-cost transition pathways. The optimal transition trajectory may include
a small amount of gas consumption spread across customers with particular system costs
associated with their transition to electricity. However, the distribution of such costs across
ratepayers will determine the stability of this solution. A welfare-maximizing actor may
electrify their gas demands, regardless of the associated system costs incurred by electricity
providers, especially if tariff designs do not adequately pass marginal system cost impacts
onto consumers.
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