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Abstract

Electricity tariffs typically charge residential users a volumetric (that is, per-unit of
electricity consumed) price that recovers the bulk of the costs of generating, trans-
mitting, and distributing electrical energy. These tariffs also often include taxes and
recover other costs associated with regulatory or policy measures. The resulting
prices do not reflect the true social marginal costs of generating, transmitting, and
distributing energy, capturing little or none of the temporal and geographic vari-
ability of marginal electricity costs. These inefficient rates incentivize customers to
over-consume power during periods of peak system stress and under-consume power
during periods of relatively low demand; this dynamic drives up power system costs,
costing Americans and Europeans tens of billions of dollars annually. Critically, it
leads to investments in long-lived and low-utilization infrastructure needed to meet
peak demands.

Economists have long argued for reforming rates, but progress has historically
been slow. Today, less than one quarter of one percent of residential electricity cus-
tomers in the United States pay a tariff that reflects the real-time price of energy.
The emergence of distributed energy resources — such as solar photovoltaics and
battery energy storage — has sparked renewed interest among regulators and utili-
ties in reforming electricity tariffs. Efficient rates hold the potential to improve the
economic efficiency of distributed energy resource installation and operation deci-
sions. However, the economic pressure to redesign electricity rates is countered by
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concerns of how more efficient rate structures might impact different socioeconomic
groups. In particular, regulators have been dubious of efforts to reform how the
costs of network infrastructure (that is, transmission and distribution networks) are
recovered, rejecting more than 75% of such efforts in the U.S. in 2017.

Focusing on developed power systems in contexts like the U.S. and Europe, this
Thesis examines the distributional impacts of rate reform and proposes methods to
improve the economic efficiency of rates without creating undesirable distributional
impacts. This Thesis also explores the distributional impacts of rooftop solar pho-
tovoltaics adoption under alternative rate designs. This Thesis leverages data on
electricity consumption measured half-hourly for more than 100,000 customers in
the Chicago, Illinois area, paired with Census data to gain unprecedented insight
into the impacts of reforming electricity pricing across customers of varying socioe-
conomic statuses. This Thesis then builds a simple model of the local utility’s —
Commonwealth Edison’s — cost of service, and simulates solar PV adoption under
alternative rate designs, measuring the impacts on customers of differing income
levels.

This Thesis demonstrates that low-income customers would face increases in ex-
penditures on average in a transition to rates that recover residual network and policy
costs through economically efficient fixed charges. However, this Thesis demonstrates
that simple changes to fixed charge designs can mitigate these disparities while pre-
serving all, or the vast majority, of the efficiency gains. These designs rely exclusively
on observable information and could be replicated by utilities in many geographies
across the U.S. Rooftop solar PV adoption under tariffs with inefficient, volumetric
residual cost recovery are shown to create substantial distributional challenges: PV
adoption under such tariffs increases expenditures substantially for non-adopters,
which tend to be predominately lower income customers; efficient tariffs prevent this
regressive cost shifting. In short, failing to reform rates may lead to worse distribu-
tional outcomes than reforming rates, even if reforms are implemented naively.

Collectively, the findings in this Thesis underscore the need for regulatory reform
around electricity pricing, and chart a path forward for balancing economic efficiency
and distributional equity in public utility pricing.

Thesis Supervisor: Ignacio J. Pérez-Arriaga
Title: Visiting Professor, Sloan School of Management
Professor, Electrical Engineering, Comillas University

Committee Member: Carlos Batlle
Title: Research Scholar, MIT Energy Initiative
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Committee Member: Christopher Knittel
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Committee Member: Richard Schmalensee
Title: Howard W. Johnson Professor of Management, Emeritus
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Chapter 1

Introduction

1.1 Background and Motivation

Improving electricity rate design1 is one of the most important tasks facing electricity

regulators in the 21st century. Electricity prices are the nervous system of the power

sector, helping coordinate the diverse interests of the dispersed actors engaging with

the world’s most complex machine — the power grid. Efficient prices are one of the

keys to ensuring that the trends of decentralization, decarbonization, and digitization

benefit, rather than harm, customers (Pérez-Arriaga et al., 2016).

While the basic tenants of efficient rate design have been known for nearly a cen-

tury, rates today remains inefficient for the vast majority of electricity consumers,

particularly smaller scale residential and commercial consumers. Many factors con-

tribute to this gap between theory and practice. This is due in part to the fact that

electricity is essential to modern life and is regulated as such. The result is that

economic efficiency is often not the primary goal for regulators when setting prices.

1In this Thesis I refer to rate design, tariff design, and pricing interchangeably.
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Rather, regulators often prioritize goals of fairness and distributional equity2 when

setting prices. For example, of the California Public Utility Commission’s (CPUC)

rate design principles, the first — stated before any principles related to economic

efficiency — relates to access and affordability to electricity for vulnerable popula-

tions (California Public Utilities Commission, 2018b).3 The CPUC is not alone. This

fact is perhaps best summarized by (Posner, 1971, p. 22-23), which states that the

observed inefficiencies in electricity and other utility pricing can only be explained

if “one of the functions of regulation is to perform distributive and allocative chores

usually associated with the taxing or financial branch of government.”

Today, the methods used to achieve these regulatory goals come at significant

economic cost. In the context of the power system, tariffs are designed to recover

all energy costs, transmission and distribution network costs, taxes, additional reg-

ulatory and policy costs, and, where relevant, the costs of capacity remuneration

mechanisms.4 In part due to the desire to protect customers, these costs are most

commonly recovered through per-kilowatt-hour (kWh) charges that do not vary over

time and across locations.5 However, the cost of producing and delivering energy can

vary by several orders of magnitude throughout time and across different locations in

the power system. By charging prices that are below the true cost of energy during

periods of high costs and above the true cost of energy during periods of low costs,

today’s pricing schemes lead to higher levels of generation and network capacity and

2Distributional equity refers to any relevant standards for the distribution of goods between
different various members of society, particularly between vulnerable and non-vulnerable customers.

3Vulnerable customers in the context of the California Public Utilities Commission (2018b)’s rate
design principles refers to “low-income and medical baseline customers.” Throughout this thesis,
I define “vulnerable customers” broadly as any customer group that has been defined as needing
electricity price and/ or bill protections in a given location. Low-income, fixed-income, and rural
customers are the most common types of vulnerable customers.

4See Chapter 2 for an in depth discussion of tariff structure.
5Throughout this Thesis I refer to time- and location-invariant tariffs based predominately on

per-kWh charges as “flat, volumetric” tariffs.

22



lower system utilization than could otherwise be achieved.

The U.S. spends roughly $400 billion per year on electricity. Residential and

commercial sales account for roughly $320B or 83% of total annual electricity sales

(U.S. Energy Information Administration, 2017). The regulatory measures designed

to ensure distributional equity, among other goals, cost Americans and Europeans

tens of billions of dollars each year. For example, Borenstein (2005a) estimates that

the long-run impact of improving rate design could save on the order of 5% to 10%

of electricity costs. Faruqui et al. (2010a) estimates that the savings associated with

moving to real-time pricing in the European Union could be on the order of e50

billion per year.

This fact, combined with the emergence of distributed energy resources (DERs),

has placed rate reform at the center of regulatory proceedings across the U.S. and

Europe. For example, the New York Department of Public Service recently called

for “more precise price signals...that will, over time, convey increasingly granular

system value” (New York Department of Public Service, 2016b). New York is not

alone. In 2018 alone, regulators and policy makers in 47 U.S. states took more than

200 regulatory or policy actions to reform electricity rates (Proudlove et al., 2018b).

Similarly, in November 2016, the European Commission issued a sweeping set of

rulings, with tariff design as a centerpiece (European Commission, 2016).

However, rate reform has been stymied by concerns over the potential impact

of reforms on vulnerable populations. For example, in the U.S. in 2017, regulators

rejected more than 75% of utility proposals to reform residual cost6 recovery mech-

anisms (Natural Resources Defense Council, 2018), frequently citing the potential

impacts of these reforms on low income customers (Trabish, 2018). The view that

6Residual costs are all system costs, policy costs, and taxes that cannot be recovered through
efficient social marginal cost based pricing.
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reducing volumetric charges for residual cost recovery in favor of fixed charges will

harm low-income customers at the expense of more affluent customers is widely held.

Klaus-Dieter Borchardt, a Deputy Director-General responsible for energy policy at

the European Commission, sums up this view nicely, arguing that fixed charges give

“the greatest potential benefit to richer households, as these households are the ones

consuming the largest amounts of energy under regulated prices” (Simon, 2018).

This Thesis examines methods for improving the economic efficiency of electricity

tariffs while achieving regulatory goals of distributional equity. The research in

this Thesis is grounded by a robust data set of half-hourly electricity consumption

data for 100,170 residential customers in the Chicago, Illinois region, paired with a

variety of census data sources. In Chapter 4, I examine the economic efficiency gains

and distributional impacts of transitioning to more efficient electricity tariffs in the

absence of DER adoption. Our results provide a nearly unprecedented look into the

impacts of changing rates on customers of different socioeconomic groups. We find

that the consumer surplus benefits of a rate with economically efficient energy and

network cost recovery mechanisms swamp the benefits of a rate with only efficient

energy prices.7 We find that tariffs with uniform fixed charges for residual cost

recovery8 are regressive — that is, the transition is likely to increase expenditures

for low income customers while decreasing expenditures for more affluent customers.

However, we demonstrate several mechanisms for fixed charge design that mitigate

undesirable distributional outcomes while increasing economic efficiency.

Chapter 5 expands this analysis to consider the dynamic performance of effi-

7Chapter 4 explores corrections to two key flaws in electricity prices: 1) that energy prices don’t
match marginal costs, and 2) inefficient recovery of residual costs. We show that solving only the
energy pricing challenge reaps a small fraction of the benefits of solving both of the challenges
simultaneously.

8That is, the fixed charge for customer 𝑖, 𝐹𝑖, is equal to the fixed charge for customer 𝑗, 𝐹𝑗 , ∀
𝑖, 𝑗.
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cient and inefficient rates as residential customers adopt rooftop solar photovoltaics

(PV). We see that rates with volumetric residual cost recovery mechanisms lead to

substantial cost shifts between income quintiles as PV penetration increases. PV

adopters reduce their contributions to residual cost recovery, placing a higher share

of the burden of residual cost recovery on non-adopters. Given that the lion’s share

of PV adopters are wealthy, the net effect is that average expenditures for affluent

customers decrease at the expense of low income customers.

The remainder of this Thesis proceeds as follows. This Chapter provides an

overview of the key issues shaping the debate around rate design today. Chapter 2

reviews the relevant literature on rate design and describes a simple theoretical model

that helps motivate the tariff designs and issues explored in Chapter 4. Chapter 3

provides additional background, describing in detail three aspects of equity in re-

lation to rate design and the impacts of DER adoption. Chapter 4 explores the

efficiency and distributional impacts of moving to more efficient rate designs, and

introduces three models for simultaneously improving distributional equity and effi-

ciency. Chapter 5 simulates the distributional impacts of rooftop solar PV adoption

under efficient and inefficient rate designs. Chapter 6 provides an summary of the

contributions of this Thesis and highlights opportunities for further research.

1.2 A brief history of rate design and the emergence

of DERs

Debates over rate design have historically focused on rates as a mechanism for increas-

ing power system load factors9 and mitigating market power of producers. However,

9The load factor is the ratio of average to peak demand.
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the rise of distributed energy resources means that rates must play a new role in the

power sector. This Section provides a very brief history of rate design, placing the

current debate about rates in historical context.

At the turn of the 20𝑡ℎ century, electricity demand for lighting in major urban

areas began to rise rapidly. As demand grew, the industry began to experience

severe evening peaks. Samuel Insull — then the President of Chicago Edison10 —

and others began to explore the use of rates as mechanisms to increase load factors on

the grid (Hausman and Neufeld, 1984). Given the relatively limited development of

theory and the cost of metering technologies, early rate design conversations centered

around charges for peak demand (Hopkinson, 1892).

Debates over efficient rates continued. In the 1940s, Coase (1946) established

the need for multi-part rates — or rates that distinguish between marginal and non-

marginal costs. Decades later, Boiteux (1960) at Électricité de France formalized the

theory of peak-load pricing, which highlights the need for prices to vary according

to system-wide demand: peaking to signal the costs of new infrastructure during

periods of high demand, and falling to marginal costs during periods of low demand.

At the same time, regulators began to argue that economic efficiency was not

the only criteria in electricity rate design. Bonbright (1961)’s rate design principles,

later expanded upon by (Pérez-Arriaga, 2014, ch. 8), highlighted many important

facets of rate design. These principles stressed the need to ensure that customers

can understand and accept rates, that changes are made with care, and that rates

do not discriminate between end uses or end users, among other considerations.

Nonetheless, (Bonbright, 1961, p. 67) stressed the importance of economic efficiency

in rate design, stating that “one standard of reasonable rates can fairly be said to

outrank all others in the importance attached to it by experts and public opinion
10Chicago Edison later became part of what is now Commonwealth Edison.
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alike — the standard of cost of service.”

Despite increasing knowledge of the structure of efficient rates, two key technolog-

ical factors stymied implementations of more efficient rates for residential and smaller

commercial customers. First, the electricity metering infrastructure required to im-

plement time varying rates remained prohibitively expensive for small consumers.

Second, the ability for smaller customers to respond to efficient rate designs was

limited, as automated, digitally, or remotely controlled devices were rare.

As a result of the regulatory goals of rate design and the economic and tech-

nological challenges of implementing more efficient rates for low consumers, simple

tariff structures with relatively little time or locational granularity became the norm

for residential and small commercial customers. In many cases, these rates were de-

signed to be redistributional with respect to income. For example, in many locations,

increasing block pricing11 was implemented, under the assumption that income and

demand were strongly correlated (Borenstein, 2012b). As noted in Section 1.1, reg-

ulators have historically favored small fixed charges for the same reasons. Because

consumers were assumed to be relatively price inelastic, electricity tariffs became a

convenient and popular tool for taxation; in many locations, small consumers pay

substantial per-kWh taxes (see, for example, Figure 2-1 in Chapter 2).

In addition to designing rates with distributional equity in mind, regulators and

policy makers in many locations instituted federal and local low income support

programs. For example, in the Commonwealth Edison (ComEd) service territory

explored in Chapters 4 and 5, two need-tested support programs exist: the federal

Low-Income Home Energy Assistance Program (LIHEAP)12 and the ComEd CARE13

11A tariff design in which the volumetric charge increases as the total volume of consumption
increases.

12www.LIHEAPIllinois.com
13www.comed.com/MyAccount/CustomerSupport/Pages/ResidentialHardship.aspx
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program. Need-tested means that customers must demonstrate need by providing

proof of a qualifying income level or proof of enrollment in another need-tested sup-

port program (such as the Supplemental Nutrition Assistance Program). However,

need-tested programs often receive very low enrollment due to a variety of reasons.

In 2012, only 22% of individuals eligible for LIHEAP nationwide actually received

support under the program (Falk et al., 2015). In many locations, eligibility for local

programs requires enrollment in LIHEAP. As a result, regulators are understandably

skeptical of the ability of these programs to mitigate concerns about bill impacts of

rate design changes on low income customers.

Scrutiny on the inefficiencies of residential electricity rates increased with the

wave of deregulation in the power sector in the 1990s and 2000s and the rise of

digital technologies and aggregators. Analysts focused primarily on the allocative

and market efficiency benefits of efficient rates. For example, Borenstein (2005a)

argued that consumption rationing in response to high prices during peak demand

period could lead to lower capacity and lower costs in the long run, and Joskow

and Tirole (2007) highlight how real-time energy prices decrease the incentive for

generators to exercise market power.

Today, conditions have changed, and many of the old assumptions that drove rate

design decisions have changed. The cost of metering and communications technolo-

gies have plummeted. As a result, meters capable of recording energy consumption

on hourly or more frequent bases are nearly ubiquitous, as shown (for the U.S.) in

Figure 1-1. Additionally, their deployment is rapidly growing across the U.S. and

Europe — advanced meter deployment increased by roughly 75% in the U.S. be-

tween 2010 and 2017. Consumers are increasingly adopting technologies capable of

responding to changing electricity system conditions in an automated fashion. Such

automation could enable dynamic pricing to deliver substantially more benefits than
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previously conceived (Bollinger and Hartmann, 2017). Further, novel aggregator

business models are emerging to support more demand side response in electricity

markets (Burger and Luke, 2017).

At present, tariffs typically bear relatively little relation to the marginal costs

of providing electricity services at any given time and location. Figure 1-1 shows

the number of customers in the U.S. with advanced metering infrastructure (AMI)

and advanced meter reading (AMR) capable of recording electricity usage profiles

over time and the small fraction of these customers that have the option of receiv-

ing a tariff that varies with time. Only a small fraction of all customers with the

infrastructure necessary to receive real-time pricing tariffs — that is, AMI or AMR

— even have the option of enrolling in a real-time pricing program. The RTP Op-

tion fractions — 0.2% of residential customers, 3.7% of commercial customers, and

10.8% of industrial customers — are the percent of customers enrolled in dynamic

pricing programs in utility areas that offer a real-time price. Given that some of

these customers have the option of enrolling in dynamic pricing programs other than

real-time pricing,14 the actual fraction of customers on real-time price is likely much

lower. While experience with dynamic rates in the U.S. is limited, other countries,

such as Spain, where market-based, real-time pricing is offered as a default, have

more substantial experience with efficient pricing schemes.

The rapid increase in renewable energy generation globally — as depicted for solar

PV and wind in Figures 1-2 and 1-3 respectively — has important impacts. Perhaps

most importantly, diurnal and seasonal energy price variance is increasing and is

likely to continue increasing as the penetration of renewables increases (Bushnell and

Novan, 2018). This increase in variance increases the difference between the marginal

price observed in any given time period and the average marginal price, increasing the
14For example, critical peak pricing or time of use pricing.
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Figure 1-1: AMI, AMR, and Real-Time Pricing Penetration in the U.S., 2017

Data source: U.S. Energy Information Administration (2018b)

potential economic benefits of marginal cost-based energy prices (Fripp and Roberts,

2018).15

Perhaps most importantly, consumers are increasingly adopting distributed en-

ergy resources like solar PV and energy storage devices “behind the meter.”16 Fig-

ures 1-4 and 1-5 show the rapid growth in solar PV installations and energy storage

15In Chapter 2 I discuss the fact that, in theory, efficient short-run marginal energy prices can
recover all fixed and variable costs of generation. Therefore it is possible, in theory, that the average
of marginal energy prices do not change dramatically from today, as the frequency of periods of
scarcity or the magnitude of prices during periods of scarcity increase. The conditions for marginal
prices to recover all fixed and variable costs do not generally occur in practice, a fact which is also
discussed in more detail in Chapter 2. The issue of how pricing will evolve in a world with significant
penetrations of renewable energy is out of the scope of this Thesis. However, should regulators and
market operators decide to leverage capacity remuneration mechanisms and long term contracting
as opposed to scarcity pricing as the mechanism to encourage capacity investments, the gap between
system average costs and average short-run marginal costs is also likely to increase.

16Behind the meter, or “BTM” for short, implies that a resource is installed on a residential,
commercial, or industrial facility and is electrically connected to the customer-side of the electricity
meter, as opposed to being connected directly to the distribution or transmission network. Given
that these resources are connected on customer facilities, they are considered distributed resources.
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Figure 1-2: Annual Solar Electricity Generation in Select Countries and Regions

Data source: BP (2018)

capacity in the U.S. The majority of the solar installations shown in Figure 1-4 are

on residential buildings.17 The U.S. is not alone — more than 90% of renewable

capacity is connected to distribution systems in the E.U. (Deign, 2019).18 As dis-

cussed in detail in Chapters 2 and 5, the majority of these DER adopters are affluent

relative to the general public.

17The majority of solar PV capacity (that is, MW) is in utility-scale installations. While there
are substantially fewer utility scale installations (on the order of thousands, rather than millions),
the average capacity of U.S. utility scale installations is roughly three orders of magnitude larger
than the average capacity of U.S. rooftop solar PV installations.

18Not all distribution-connected renewables are customer-sited. Nonetheless, the trend of DER
adoption is far from being a U.S.-only phenomenon.
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Figure 1-3: Annual Wind Electricity Generation in Select Countries and Regions

Data source: BP (2018)

1.2.1 Implications of DER adoption for rate design

The possibility of DER adoption has profound implications for rate design and the

role of tariffs in the power system. In the vast majority of cases, electricity tariffs

are one of the primary economic drivers of DER adoption. The economic decision to

adopt any given DER is driven in part by either:

1. savings resulting from reduced electricity purchases, valued according to the

tariff,

2. revenues generated from sales of electricity, valued according to the tariff,
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Figure 1-4: Cumulative Number of Solar PV Installations in the U.S.

Data source: Merchant (2019)

or some combination of both 1) and 2) above.19 Price signals are thus one of best

means to coordinate DER investment and operation decisions by influencing where

and when DERs provide electricity services (Pérez-Arriaga et al., 2016).

Some DER owners are motivated to invest in and operate DERs at least par-

tially by non-economic factors such as peer effects or by private value decisions such

as a personal premium placed on environmentally responsible or local generation

(Bollinger and Gillingham, 2012; Graziano and Gillingham, 2014). However, for the

majority of customers and investors, economic incentives — i.e. tariffs and subsi-

dies — significantly influence (if not wholly determine) DER adoption and operation

19This is nearly universally true in regions that do not meter DER production and demand
separately. In some regions, separate meters are used to measure DER production and consumption.
In these regions, DER remuneration can be determined independently from the tariff. However, in
many cases, the tariff still plays a role. For example, in Germany, solar PV is metered separately
from demand. However, solar PV adopters are credited at the full retail tariff for any solar PV
production that is consumed on site and are paid a lower rate for solar PV production in excess of
demand.

33



Figure 1-5: Cumulative Megawatt-Hours (MWh) of Behind the Meter Storage Ca-
pacity in the U.S.

Data source: Wood Mackenzie P&R and ESA (2019)

decisions.

The penetration of DERs, when considered in aggregate, can have substantial im-

pact on investments and operations in the power system. In many cases, DERs can

act as economic substitutes for more centralized resources — for example, distributed

solar reduces mid-day electricity prices, reducing the economic rent for central scale

solar (Burger et al., 2019c). Tariffs are therefore increasingly playing a role in deter-

mining what mix of resources will enter the power system and how these resources

will operate.

In many parts of the country with high DER penetrations, the marginal price

in the rate exceeds the social marginal cost of serving customers (Borenstein and

Bushnell, 2018). As a result, network users may find it economic to bypass grid-

based electricity and adopt DERs as an alternative. DER adopters can dramatically
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reduce their net demand as a result. As I discuss in detail in Chapter 5, this inefficient

allocation of resources can also have profound distributional impacts.

Thus, the possibility of DER adoption has three key implications for rate design:

1. The correlation between net demand and income is likely to decrease with

increasing rooftop solar PV penetration. Rates that were historically assumed

to be redistributional — for example, increasing block tariffs — may not be in

the future.

2. Tariffs that distort marginal price signals may inefficiently incentivize cus-

tomers to bypass grid-based electricity in favor of DER-based electricity.

3. Tariffs must play a new role: helping achieve the efficient mix of network,

generation, and storage resources in the power system.

1.3 Distributed energy resources and rates as coor-

dination mechanisms

Much of the material in this Section is a modified version of material from Burger

et al. (2019a) and Burger et al. (2019b), written in collaboration with co-authors

Jesse Jenkins, Carlos Batlle, and Ignacio Pérez-Arriaga.

1.3.1 Trends in generator sizes and rate design implications

The power sector was historically dominated by either a regional, vertically integrated

monopoly generator or a relatively limited number of power producers investing in

large infrastructure. Entry into the generation and storage sector in this paradigm

was relatively easy to monitor. Generator operational, entry, or exit decisions that
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would have notably negative impact on system costs or reliability were relatively

easily managed. As a result, coordination of investment and operation decisions was

relatively straight forward.

The changing nature of generation, and the influence that this will have on the

coordination of investments and operations of power system infrastructure, is perhaps

best visualized by the differences in sizes of fossil and nuclear fired generation and

more modern renewable generation. Figure 1-6 shows the trend in the nameplate

capacities of generators by their first year of operations. Coal units installed in the

2000s averaged around 500 megawatts (MW) in size, nuclear units installed in the

1980s averaged over 1,000 MW, and natural gas combined cycle units installed in

the 2000s averaged around 250 MW in size.

The coal, gas, and nuclear data in Figure 1-6 is nicely contrasted with the solar

data. The bottom panel in Figure 1-6 shows the size of utility-scale (greater than 1

megawatt (MW) in capacity) solar PV installations. This data omits the significant

number of distributed resources (highlighted in Figures 1-4 and 1-5), but provides

a powerful contrast to Figure 1-6 nonetheless. The average size of a utility scale

PV system installed in 2017 was roughly 9 MW in size, more than an order of

magnitude smaller than modern natural gas turbines. Even ignoring the massive

influx in customer-sited, kilowatt (kW)-scale resources, the power system is trending

towards more dispersed resources. Just as the influx of modern combined cycle

natural gas power plants, which were small relative to more traditional coal and

nuclear generators, helped spur the movement towards restructuring of the power

sector in the 1980s, 1990s, and 2000s, the trend towards smaller scale solar, wind,

and storage resources is motivating changes to the mechanisms used to coordinate

investments in and operations of power system infrastructure today.

Underpinning the trend towards decentralized resources is the fact that there are
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relatively few barriers preventing consumers or other investors from adopting DERs

in most developed power systems today. Indeed, many DERs are consumer products

and require no formal interconnection procedure to speak of (for example, smart

thermostats). Consumers do not need to coordinate with the distribution network

owner and operator (DNO/SO) to install and operate these devices, despite the fact

that these devices can have significant impact when considered in aggregate (see,

for example, Mathieu et al. (2012) for a demonstration of the potential impact of

thermostatically controlled loads in California). This dynamic creates the need for

new methods to coordinate disperse actors in the system.

1.3.2 Rates as coordination mechanisms

Efficient coordination of investments and operations of a mix of generation and en-

ergy storage devices at various scales, demand-side flexibility, and transmission and

distribution network assets holds the potential to reduce overall electricity costs rela-

tive to a system with uncoordinated investments (Pérez-Arriaga et al., 2016; Baldick

and Kahn, 1993). In power systems where actors remain vertically integrated across

generation, transmission, distribution, and retail, this coordination requires a set

of internal planning and operating decisions and appropriate external price signals,

incentives, and/or communications with electricity users. In systems with competi-

tion in generation and/or retail, this coordination requires multilateral arrangements

between monopoly network providers and market actors and, in many cases, market-

facilitated price signals and contracts for energy, capacity, and ancillary services.

Wholesale market constructs and the planning processes orchestrated (in part) by

bulk system balancing authorities (BAs)20 provide the frameworks for coordinating

20In the United States, BAs are either a Regional Transmission Operator (RTO), Independent
System Operator (ISO), or a verticlaly integrated utility. In the European Union, BAs are the
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investment planning and operation at the bulk system level, but similar arrangements

are nascent or non-existent at the distribution level.

At the distribution level, the price signals for energy, network access, and ancil-

lary services are bundled in retail tariffs along with other power system costs. The

vast majority of residential and commercial electricity consumers do not buy and sell

electricity directly in markets and negotiate for network access with transmission and

distribution utilities. Rather, a retailer — either a competitive retailer or one owned

by the local distribution utility — assumes financial responsibility for an aggrega-

tion of customers, procuring and scheduling energy consumption and production in

markets and with the relevant system operator and network owners. Customers in

turn pay retailers a tariff for energy use or are paid at a tariff-determined rate for

energy production.

Given that tariffs will influence DER adoption and operation decisions, cost-

reflective tariffs are necessary to align the incentives of network users with the incen-

tives of the system (Pérez-Arriaga et al., 2016, ch. 4). Tariffs that do not reflect the

short-run marginal cost of energy consumption and production decisions have two

deleterious effects. First, they distort investment and operation signals for DERs

and electricity consumers in ways that increase total costs of delivered electricity

services. Second, they allow customers to make investment and operation decisions

that shift costs between different customers, as any time a user saves more on their

retail bill than they reduce system costs, another system user inevitably pays for the

remaining system costs (see Chapter 5 for more detail).

If properly located and operated, DERs hold the potential to reduce system costs

Transmission System Operators (TSOs). In the U.S., ISOs and RTOs operate markets for buying
and selling electricity, while in the E.U., independent power exchanges operate markets and TSOs
coordinate the system operations that result from market transactions.
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(see, for example, Cohen et al. (2016)) and emissions (see, for example, Gilbraith and

Powers (2013)). On the other hand, inefficiently located and operated DERs could

increase system costs (see, for example, Schmalensee et al. (2015)) and emissions (see,

for example, Fares and Webber (2017)). Furthermore, DERs that arbitrage flawed

tariff designs can threaten the financial viability of the companies that manage our

critical electricity infrastructure (Kind, 2013).

It is theoretically possible to extend the marginal cost-based price formation

process used in bulk power systems into the distribution network to create prices

for DERs and consumers reflective of network constraints and marginal costs of

supply at a given time and place. Such price signals would be a key component

of a system for coordinating investments and operations in decentralizing power

systems. As discussed in more detail in Chapter 2, in theory, globally harmonized

locational marginal prices that extend through both transmission and distribution

systems would be the most efficient method of coordinating dispatch and balancing

at both bulk and distribution levels (Caramanis et al., 2016; Schweppe et al., 1988).

Under such a system, the short run prices of energy, ancillary services, and capacity

products are related to the marginal cost of providing these services. In systems with

organized wholesale markets, these prices emerge from a combination of: 1) market

operations that match the least cost set of generation resources with demand, 2)

physical network constraints on power flows, and 3) any security-related actions taken

by the system operator. In vertically integrated systems, these prices emerge from

internal dispatch decisions by the vertically integrated utility. Marginal prices — in

conjunction with capacity remuneration mechanisms — already serve to coordinate

investment and operation decisions in generation, storage, and network resources at

the bulk system level.

Efficient tariffs that reflect the social marginal cost of energy delivery will help
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consumers or businesses identify the optimal locations for DER deployment, and the

optimal operating schedules at these locations. While many regulatory authorities

are considering proxies for efficient tariffs — such as time-of-use or critical peak

prices that reflect average costs across different time periods — these proxies tend to

contain only a fraction of the information of a truly efficient signal (Hogan, 2014).

Due to the rise of DERs, tariffs are also likely to play an increasing role in distribu-

tion network planning. The traditional network planning process involves forecasting

future demand and designing the network infrastructure necessary to meet this ex-

pected demand (in line with regulatory standards for reliable system operations).

Now, however, utilities must plan their networks accounting for more flexible and

dynamic load and the potential for electricity production from DERs. Cost mini-

mizing utilities may wish to procure services from DERs and flexible demand (or

aggregations thereof) as opposed to investing in network infrastructure (e.g. pursue

so-called “non-wires” alternatives to traditional network or “wires” investments).

Network investment decisions are typically made months to years in advance of

real time. In contrast, DER investment decisions may be made weeks to months

in advance. Real-time operational decisions are made days to seconds in advance

but should also be consistent with efficient long-run investment in network assets

and DERs. Should the utility fail to build sufficient network capacity or contract

for DER services, binding demand-driven congestions could result in undesired de-

mand curtailment or localized blackouts. This difference in time scales creates a

coordination challenge for utilities.

To address this coordination challenge, utilities and regulatory agencies are at-

tempting to improve planning processes and modify rates to signal the long-run

marginal cost of network services in particular areas. In many regions, regulators

have long mandated that utilities engage in integrated resource planning. In recent
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years, some U.S. states have begun mandating more involved and detailed planning

processes, with greater emphasis on distribution system planning and more cost effec-

tive integration of DERs (see, for example, California Public Utilities Commmission

(2014) and New York Department of Public Service (2015)). These planning pro-

cesses are intended to help DER developers target value-maximizing areas in utility

networks.

A key question is whether utilities can they rely on efficient tariffs to provide

sufficient response from DER developers once they have identified opportunities for

non-wires alternatives. If not, what other mechanisms might be needed? The answer

depends on the ability of price signals to stimulate adequate investment and ensure

the firmness of these investments in real time. As we discuss further in Chapters 2

and 5, an efficient retail tariff should include forward looking elements that signal

the impact of network users’ consumption or production decisions on future network

investments. With efficient tariffs that fully internalized the costs (or value) of a

network user’s decision, utilities could, in theory, rely on the response of network

users to curtail demand or production to avoid congestions or system failures. Of

course, there may be many reasons why rates alone are not sufficient to efficiently

coordinate network and DER investments.

In sum, efficient tariffs are no longer simply a cost allocation method, but rather a

key part of a system for coordinating investments in and operations of power system

resources. The historical focus on tariffs as methods to increase system utilization

and drive down the costs of meeting peak demand is no longer sufficient. Regulators

must consider the new role that tariffs play in the system. In short, rates must play a

role in guiding efficient investment in and operation of power system infrastructure.
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1.4 New solutions for rate design

Despite increased scrutiny on the issue of rate design — recall that 47 U.S. states

and the European Union are taking regulatory action with respect to rates — limited

progress has been made (see Figure 1-1). Clearly, new solutions are needed.

There are many aspects of a politically and socially acceptable tariff. Customers

must be able to understand and ultimately accept the tariff or tariffs that they

face. The degree to which a rate is understood will depend heavily on how it is

implemented and on the education and communications associated with the imple-

mentation. Further, any change to rate design will likely create winners and losers in

the short run. The economic payoffs to the power system are likely only to become

apparent, however, in the long run as excess capacity is retired. This dynamic leads

to challenging politics for rate reform. Unique challenges are likely to require unique

solutions.

This Thesis does not attempt to solve all of these challenges. Rather, this thesis

explores in depth one particular challenge of implementing more economically effi-

cient rates: distributional equity. Chapter 2 explores the theory of rate design and

reviews the state of the art in the literature surrounding the distributional impacts

of rate design. There is a substantial need in the literature for more empirical anal-

ysis of the distributional impacts of rate design: despite the importance of the issue,

relatively few scholars have systematically analyzed the impacts of redesigning rates.

Even fewer have proposed solutions for designing progressive default rates. Further,

the bulk of the literature on electricity tariffs was developed during a time when

consumers had few if any options to respond to these rates. Recent literature on the

interaction between DERs and rates has come predominately from the engineering

field and has focused on how changing rates impacts the profitability, location, and
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operation of DERs. There is a substantial gap in the literature related to the distri-

butional impacts of DER adoption under efficient and inefficient rate designs. This

Thesis aims to fill these gaps.

Chapter 3 explores the issue of equity in pricing power in more detail, framing

the issues that are explored in Chapters 4 and 5. I build a simple three node repre-

sentation of a distribution utility and use data on the average cost structure of U.S.

utilities from Federal Energy Regulatory Commission (2017). I demonstrate how

DER adoption may create cost shifts from DER adopters to non-adopters, harming

what we call “allocative equity.” I also motivate the issues explored in Chapters 4

and 5 — how changes to rate design may impact distributional equity.

In Chapter 4, I demonstrate that economic efficiency and distributional equity

need not be seen in conflict using a unique and robust data set of electricity con-

sumption from the Chicago, Illinois region. Using this consumption data and tariff

data pulled from the Illinois Commerce Commission, the Illinois state regulatory

agency, I build a model of Commonwealth Edison’s costs to serve the 100,170 resi-

dential customers in our sample. I then design an economically efficient benchmark

tariff, as well as several alternative tariffs that are commonly discussed. The results

confirm other relevant research in some ways, and significantly extend the body of

knowledge in others. First, we confirm other research in finding that the benefits

of moving to a truly efficient real-time price are substantial relative to the benefits

of moving to an approximation of the real-time price (like a critical peak price).

We also find that increasing fixed charges for residual cost recovery (while reducing

volumetric charges) is likely to be regressive — increases in fixed charges increase

expenditures relative to income for low income customers more than for more affluent

customers. However, we also demonstrate several methods for improving distribu-

tional equity without harming economic efficiency. That is, we demonstrate how to
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design progressive fixed charges.

While the exact values used in Chapter 4 are specific to ComEd, the methods and

concepts could be used by utilities and regulators nationwide. The insights provide

a path forward on the challenge of balancing efficiency and equity. The methods of

progressive fixed charge design can help regulators implement more efficient rates,

driving more efficient DER deployment.

Chapter 5 builds on the results of Chapter 4 by analyzing the distributional

impacts of rooftop solar adoption under different rate designs. I demonstrate that

as customers adopt rooftop solar under ComEd’s default tariff, expenditures for low

income customers increase on average and expenditures for more affluent customers

decrease on average. However, efficient rates rectify this problem: under efficient

rates, average expenditures for all income groups decrease as solar PV penetration

increases.

In a world with high penetrations of DERs, the assumptions underpinning today’s

rate designs — that consumers are homogeneous, have low price elasticity, and cannot

bypass rates — no longer hold. As a result, the common tariffs of today — time-

and location-invariant rates that recover taxes, policy, and residual costs through per-

kWh charges — no longer accomplish the regulatory goals that drove their design.

This Thesis aims to take a step on the path towards better rates. Rates that will

efficiently accomplish regulatory goals in the 21𝑠𝑡 century.
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Figure 1-6: Temporal Trends in Generator Nameplate Capacities in the U.S.

Data source: U.S. Energy Information Administration (2018a). “Coal” refers to Conven-
tional Steam Coal, and “NGCC” refers to Natural Gas Combined Cycle. Contains only
generators greater than 1 MW.
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Chapter 2

The Literature and Theory of Rate

Design

This Chapter introduces the economic theory behind the basic structure1 of elec-

tricity tariffs and the literature related to the primary issue covered in this Thesis:

the efficiency and distributional impacts of rate design. Section 2.1 reviews efficient

rate structure. Today’s rates predominately feature inefficient structures (see, for

example, Figure 1-1 in Chapter 1). As a result, many scholars have analyzed the effi-

ciency and distributional impacts of transitioning to more efficient rates, albeit often

in limited settings. Section 2.2 reviews the literature on efficient rates and Section 2.3

reviews the literature on the distributional impacts of transitioning to new rate de-

signs. The interactions between rate design and distributed energy resource (DER)

1Structure refers to two related rate design issues. First, whether the costs are recovered through
dollar-per-kilowatt-hour (kWh), dollar-per-kilowatt (kW), or fixed dollar-per-customer charges. Sec-
ond, whether the magnitude of the charge changes with time and location. For example, I would
refer to a tariff with a volumetric ($/kWh) and demand-based ($/kW) charge as having a different
structure from a tariff with a volumetric ($/kWh) and a fixed ($/customer) charge. Similarly, I refer
to a tariff with a constant volumetric charge throughout the year as having a different structure
from a tariff with a volumetric charge whose magnitude changes in every hour.
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economics and the substantial public support for DER deployment2 has lead to many

inquiries into the distributional impacts of DER adoption and these DER support

policies. Section 2.4 reviews the literature related to the distributional impacts of

DER adoption and the interactions between DER adoption and rate design.

2.1 The structure of electricity tariffs

Electricity tariffs recover four broad classes of costs from customers: energy, capac-

ity and ancillary services, networks, and policy and regulatory costs. This Section

explores the optimal design to recover these cost categories.

2.1.1 Energy costs

Energy costs vary over time and space due to the changing marginal cost of power

generation, the physical laws that govern the flow of power over transmission and

distribution networks, and the need to keep electricity supply and demand balanced

at all times and locations (Schweppe et al., 1988). At any given point in time and

location in the power system, the marginal cost of energy is the short run marginal

social cost of producing power and delivering it to that point, adjusting for losses,

congestions, and the potential for scarcity (Rivier and Pérez-Arriaga, 1993; Hogan,

2013). The social marginal cost includes not only the cost of fuel but also the

marginal health and climate impacts of emissions and other externalities.

The optimal marginal price in the tariff at any given point in time — that is, the

optimal private marginal cost for any given customer — may not always equal the

short run social marginal cost for two primary reasons. First, transaction costs and

2See, for example, Vaishnav et al. (2017) and Burger et al. (2019c).
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behavioral biases impact the optimal type and frequency of price notifications and

price structures (Schneider and Sunstein, 2017). For example, inattention, decision

fatigue, and shrouded attributes may drive consumers to engage in more welfare

increasing price response under tariffs with a limited number of high price peri-

ods. Second, ignoring behavioral considerations and transaction costs, under certain

assumptions and in certain conditions, the optimal marginal price in the tariff may

exceed the short run marginal cost of energy. This can happen for two reasons. First,

as I discuss further in Sections 2.1.2 and 2.1.3, the short run social marginal cost of

consuming or producing power may fall below the long run marginal cost during peak

consumption or production periods. Second, under a particular set of assumptions,

the optimal marginal cost in the tariff may recover a portion of non-marginal costs.

I discuss this in more detail in Sections 2.1.3.

Related to the issue of behavioral biases is the issue of whether consumers re-

spond to marginal prices, average prices,3 or any other function of fixed and variable

prices. If customers don’t respond to marginal prices, the short run social marginal

cost may not be the most efficient price signal. Ito (2014) demonstrates that, in cer-

tain contexts, electricity consumers respond to average prices, not marginal prices.

However, Ito (2014) focuses on consumer response to inclining block prices, a fairly

complicated pricing structure in which the volumetric charge increases as the total

volume of consumption increases. Furthermore, the customers in Ito (2014) face

predominately volumetric charges, and the study does not shed light on the issue

of whether customers would distinguish between marginal and average prices in the

presence of fixed charges. Ito and Zhang (2018) find that consumers can differentiate

between marginal and fixed charges (and, therefore, between marginal and average

prices) in their short-term response (in the context of Chinese heating bills). In this
3That is, the average of all fixed and variable costs over a given time period.
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analysis we assume that customers respond to marginal prices as opposed to any

other function of prices.

2.1.2 Generation capacity and ancillary services costs

Capacity and ancillary services costs stem from various forms of forward commit-

ments to enhance the reliability of energy supply. Generation capacity costs are

driven by the desired margin of available generation capacity over power demand

required over a period of time.4 The costs of ancillary services, that is, short-term

operating reserves and other services required for system security, typically make

up less than 1% of a consumer’s bill. This Thesis therefore focuses primarily on

the major cost categories in the typical tariff and largely ignores cost allocation for

ancillary services.

Under a restrictive set of assumptions, short-run social marginal cost-based pric-

ing (with appropriate scarcity pricing) can recover all fixed and variable energy gen-

eration costs (Schweppe et al., 1988). These assumptions include: that prices be

allowed to rise freely and be set during times of scarcity by the opportunity cost

of the marginal consumer; that the market be free of market power; that costs be

nearly convex; that forward markets for exchanging risks between market parties be

complete; that reliability requirements be set by prices and market parties, rather

than regulators or other market intervenors; among others. These conditions are

rarely met in practice (Vázquez et al., 2002; Read et al., 1999; Joskow, 2008). For

4In most thermal generation-dominated system, capacity requirements have historically been
driven by peak demand. As variable renewable resources and energy constrained resources gain
market share in power systems globally, capacity requirements will increasingly be driven by the
desired margin of firm generation capacity during periods of minimum available generation capacity
margin over demand. Due to the variability of many renewable resources, these periods will not
necessarily align with the periods of peak demand.
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example, regulators often place caps on the price of energy for several reasons, in-

cluding to protect consumers and limit market power. The level of reliability desired

by market participants and regulators is often incongruous with the level of relia-

bility that would arise from imposed price caps. Further, costs are in many cases

highly non-convex and are influenced by a number of factors including constraints

on the design of power system infrastructure, leading to a variety of price formation

challenges that can suppress investment in generation capacity below levels desired

by market participants and regulators. As a result of these factors, in many locations

throughout the world, regulators have implemented some form of capacity remuner-

ation mechanism. These mechanisms pay generators to maintain a desired margin

of available capacity above net demand at all times.

Capacity remuneration mechanisms have the effect of attracting generation in-

vestment beyond what marginal prices alone would support. Where capacity re-

muneration mechanisms are in place, an efficient tariff would include a charge that

reflects the impacts that a customer’s consumption or production decisions during

times of generation scarcity have on future capacity procurement costs (Joskow and

Tirole, 2007; Mays and Klabjan, 2017; Pérez-Arriaga et al., 2016). The charge takes

the form of a peak-coincident capacity charge and ideally reflects the marginal im-

pact of consumption during system peak periods on future capacity remuneration

mechanism costs.

This Thesis approximates an efficient “critical capacity charge” (CCC) in Chap-

ter 4 — see Sections 4.2.3 and 4.6.3.
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2.1.3 Network costs

While network costs are driven in the long run by the need to develop network infras-

tructure to meet peak injections and/ or withdrawals, the costs of existing network

infrastructure largely do not change in the short term with the amount of energy

consumed or produced (Borenstein, 2016; Pérez-Arriaga et al., 2016). Differences in

energy prices at different locations in the network can recover only a small fraction

of network costs due to the significant impact of a variety of non-convex costs and

constraints,5 including:

1. regulatory, political, engineering, and environmental constraints on network

investment decisions;

2. the discrete nature of network investments; and

3. economies of scale.

In areas of increasing network loading,6 peak-coincident charges, that is, charges

applied to the network user’s demand or production during times of peak network

utilization, can improve economic efficiency by signaling a network user’s contribution

to future network costs (Pérez-Arriaga et al., 2016; Abdelmotteleb et al., 2018). It

is critical to distinguish these forward-looking charges from charges applied to a

consumer’s peak demand, regardless of when that peak demand occurred or where

that consumer is located. It is a common misconception that, because networks

are developed to meet peak demand, demand-based charges are “cost-reflective” and

efficient. Residual costs do not change with respect to peak demand; if peak demand

is not growing or driving new network investments, peak demand-based charges
5See Pérez-Arriaga et al. (1995) for a complete treatment.
6That is, increasing demand or injections.
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do not improve efficiency. In locations in which forward-looking, peak-coincident

charges are in place, these charges are likely to recover some, but not all, network

costs. I ignore these “forward-looking” network charges in Chapter 4, but explore

a mechanism for approximating these charges in Chapter 5. I then explore the

distributional impacts of these charges in Chapter 5 Section 5.4.3.

All network costs that are not recovered through locational differences in energy

charges and through forward-looking peak-coincident network charges are referred to

as “residual” costs. Residual costs emerge either because of non-convex cost curves—

energy production for network capacity, for example—or from policy and regulatory

intervention. A central challenge in utility pricing is recovery of residual costs in

a manner that minimally impacts welfare (Joskow, 2007; Schweppe et al., 1988).

Depending on the adopted assumptions made, different methods for residual cost

allocation vary.7

1. the benefits that customers receive from connecting to the system;

2. the wealth elasticity of electricity demand for different customers;

3. the ability of customers to avoid paying for residual costs by self-generating or

defecting from the grid;

4. the information available to the regulator regarding assumptions 1, 2, and 3;

and

5. constraints on the design of tariffs.

Because residual costs arise from non-convexities in the long-run cost function of

supplying power and numerous other factors including non-economic system design
7See Joskow (2007) for a discussion of the impacts of several of these assumptions.
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constraints, it is impossible to attribute these fixed costs to any one individual on the

basis of cost-causation pricing. If regulators are constrained to only use “linear” —

that is, only volumetric, dollar per kWh charges —, the economically optimal tariff

recovers residual costs through mark-ups on the marginal cost that vary in inverse

proportion to the elasticity of demand (Ramsey, 1927; Boiteux, 1956). Feldstein

(1972a) expands on this work by considering optimal linear prices while accounting

for a measure of distributional impacts.

Where In general, two-part8 or three-part9 tariffs will generally be substantially

more efficient than optimal linear tariffs (Brown and Sibley, 1986; Willig, 1978). We

therefore focus our attention on multi-part tariffs.

With multi-part tariffs, the economically optimal residual cost recovery method

involves a menu of contracts (with fixed and variable components) designed to elicit

customers to express their value of connecting to the grid if:10

1. resale of power is restricted,

2. customers have the potential to grid defect, and

3. the value of grid connection for any given customer is unknown.

These menus contain a set of tariffs with inversely varying fixed and variable charges.

Such designs are unlikely to be optimal at the residential level for two primary rea-

sons. First, resale is now possible and frequent through the ownership and use of

distributed generation, opening the possibility for inefficient bypass of grid-supplied

electricity. Second, the costs of grid defection at a high-level of reliability are likely

8That is, tariffs containing both a fixed, per-customer charge and a volumetric charge.
9That is, tariffs containing a fixed, per-customer charge, a volumetric charge, and a demand-

based charge.
10See Braeutigam (1989) for a complete treatment.
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substantial for the vast majority of residential customers (Khalilpour and Vassallo,

2015; Hittinger and Siddiqui, 2017). Thus, the benefits of grid connection for resi-

dential customers will likely be greater than the costs under a relatively wide range

of fixed charges. The feasible range will change as alternatives to grid-supplied en-

ergy proliferate and increase in economic competitiveness. Beyond defecting through

DER adoption, if the sum of fixed and variable charges that any given customer faces

exceeds his or her total consumer surplus, customers may simply disconnect from the

network. In the dataset used in Chapters 4 and 5, more than 99% of customers have

positive consumer surplus at the magnitudes of fixed charges explored in this Thesis,

even with relatively modest assumptions about customer own price elasticity.11 We

do not consider grid defection to be a substantial issue in present times.

In the absence of grid defection concerns, two-part tariffs with volumetric charge

set to the marginal social cost of consumption and a fixed charge designed to recover

residual costs are economically optimal whenever the fixed charge does not change

any customer’s marginal consumption or production decisions (Feldstein, 1972b).

Any residual cost allocation method that has no effect on marginal consumption or

production decisions can be considered equally economically efficient. However, in

practice, wealth and/ or income effects can be substantial. For example, the Euro-

pean Commission estimates that at least 50 million Europeans struggle to pay their

energy bills or heat their homes (Jones, 2016). These effects are also very challenging

to measure in practice. Nonetheless, should customers adjust their marginal behav-

ior in response to the magnitude of the fixed charges they face, optimal fixed charges

would account for these behaviors. In Chapter 4 Section 4.4, we demonstrate sev-

eral mechanisms for charging lower fixed charges to low-income customers that may

increase efficiency relative to a uniform fixed charge in the presence of wealth effects.
11See Chapter 4 Appendix 4.6.5 for detailed calculations.
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2.1.4 Policy, tax, and other regulatory costs

Finally, policy, tax, and regulatory costs are any costs associated with programs

like energy efficiency, renewables support, or general taxation. These taxes, policy,

and regulatory costs can be substantial in many parts of the world. For example,

see Figure 2-1. While some policy costs scale directly with the amount of energy

consumed or produced,12 many policy costs are independent of the energy that a

customer consumes or produces. Any essentially fixed policy costs are also best

recovered through a non-distorting, fixed, per-customer charge.

Figure 2-1: The breakdown of electricity tariffs in various locations

Graphic source: Pérez-Arriaga et al. (2016).

12For example, the costs of renewable portfolio standards.
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2.1.5 Role of wealth in fixed charge design

The role of income or wealth can be understood with a simple model.13 Consider a

set of customers, 𝑖 ∈ 1, ..., 𝑛, with varying incomes, 𝑤𝑖. Imagine that the regulator

and electricity supplier could charge personalized volumetric charges, 𝑝𝑖, and fixed

charges, 𝑓𝑖. Each customer’s utility is described by 𝑢𝑖(𝑥𝑖, 𝑔𝑖), where 𝑥𝑖 is customer

𝑖’s electricity consumption and 𝑔𝑖 is customer 𝑖’s consumption of a numeraire good.

We assume that each consumer has positive but declining marginal utility from

electricity consumption, that is, that 𝜕𝑢𝑖

𝜕𝑥𝑖
> 0 and 𝜕2𝑢𝑖

𝜕𝑥2
𝑖
< 0. We assume the same for

the numeraire good. Each customer’s budget constraint is represented as 𝑥𝑖𝑝𝑖 + 𝑔𝑖 =

�̂�𝑖 = 𝑤𝑖 − 𝑓𝑖.

Each household maximizes their utility in response to a given tariff (i.e. given

𝑝𝑖 and 𝑓𝑖). That is, each customer chooses their quantity of electricity consump-

tion, 𝑥𝑖(𝑝𝑖, 𝑤𝑖 − 𝑓𝑖),14 and numeraire good consumption, 𝑔𝑖(𝑝𝑖, 𝑤𝑖 − 𝑓𝑖) = 𝑤𝑖 − 𝑓𝑖 −

𝑝𝑖𝑥𝑖(𝑝𝑖, 𝑤𝑖 − 𝑓𝑖), to maximize 𝑢𝑖(𝑥𝑖, 𝑔𝑖). The first order condition for each customer’s

optimal consumption is:
𝜕𝑢𝑖

𝜕𝑥𝑖

𝜕𝑢𝑖

𝜕𝑔𝑖

= 𝑝𝑖, ∀𝑖 ∈ 1, ..., 𝑛 (2.1)

In this set up, each customer’s indirect utility — that is, the utility obtained from

the consumption choices based on the provided set of prices — is represented as

𝑣(𝑝𝑖, 𝑤𝑖 − 𝑓𝑖).

The supplier can produce 𝑋 units of electricity at a marginal cost of 𝑐. Given

13This model expands upon a model developed in (Levinson and Silva, 2019, p. 5). Levinson and
Silva (2019) develop the model assuming that fixed charges can take on any value −∞ to ∞. This
leads to the result that the regulator will set fixed charges to perfectly redistribute incomes. This
is clearly an impractical result — as Levinson and Silva (2019) recognizes. Here we constrain fixed
charges to be greater than zero and explore the intuition that the model provides.

14Given that the fixed charge 𝑓𝑖 effectively modulates the available budget for electricity and the
numeraire good, it is equivalent to write 𝑥𝑖(𝑝𝑖, 𝑓𝑖). The same logic applies for the numeraire good.
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the presence of residual costs, 𝐹 , the supplier’s total costs are 𝐹 + 𝑐𝑋. We define

the total electricity production, 𝑋 to be equal to the total electricity demanded,∑︀
𝑖(𝑥𝑖(𝑝𝑖, 𝑤𝑖 − 𝑓𝑖)), in equilibrium.

The task of the regulator is to set tariffs to maximize the indirect utility of all

of the customers while enabling the supplier to fully recover its fixed and variable

costs. Thus, the regulator solves the following problem:

max
∑︁
𝑖

𝑣(𝑝𝑖, 𝑤𝑖 − 𝑓𝑖) (2.2)

Subject to 𝐹 =
∑︁
𝑖

(︁
𝑓𝑖 + (𝑝𝑖 − 𝑐)𝑥𝑖(𝑝𝑖, 𝑤𝑖 − 𝑓𝑖)

)︁
(2.3)

𝑝𝑖 ≥ 𝑐 (2.4)

𝑓𝑖 ≥ 0 (2.5)

That is, the regulator sets prices to maximize the utility of its customers, and

keeps a firm budget constraint on the electricity supplier. In addition, the regulator

ensures that energy is never sold at a loss (that is, that the variable price is always

greater than the marginal cost) and is constrained to only positive fixed charges.

The requirement that marginal prices be greater than marginal costs is common in

practice and reduces uncertainty for the regulated utility.15

Let 𝜆 denote the Lagrange multiplier for constraint 2.3, 𝛾 denote the Lagrange

multiplier for constraint 2.4, and 𝜇 denote the Lagrange multiplier for constraint 2.5.

The first order conditions for the optimal solution to the maximization problem in

Equation 2.2 are as follows:

15In fact, even in environments where the price of energy (in addition to the price of network
access) is regulated, regulated utilities have “riders” that adjust the price of energy to ensure that
utilities do not lose money on each kWh sold.
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−𝜕𝑣𝑗
𝜕𝑝𝑗

= 𝜆
(︀
𝑥𝑗 + (𝑝𝑗 − 𝑐)

𝜕𝑥𝑗

𝜕𝑝𝑗

)︀
+ 𝛾𝑗 ∀𝑗 ∈ 1, ..., 𝑛 (2.6)

𝜕𝑣𝑗
𝜕�̂�𝑗

= 𝜆
(︀
1 − (𝑝𝑗 − 𝑐)

𝜕𝑥𝑗

𝜕�̂�𝑗

)︀
+ 𝜇𝑗 ∀𝑗 ∈ 1, ..., 𝑛 (2.7)

Combining these two equations yields:

−
𝜕𝑣𝑗
𝜕𝑝𝑗

𝜕𝑣𝑗
𝜕�̂�𝑗

=
𝑥𝑗 + (𝑝𝑗 − 𝑐)

𝜕𝑥𝑗

𝜕𝑝𝑗
+

𝛾𝑗
𝜆

1 − (𝑝𝑗 − 𝑐)
𝜕𝑥𝑗

𝜕�̂�𝑗
+

𝜇𝑗

𝜆

(2.8)

By Roy’s Identity,16 the left hand side of Equation 2.8 is equal to the demand

function for electricity, 𝑥𝑗(𝑝𝑗, 𝑤𝑗 − 𝑓𝑗). Thus, we can rearrange Equation 2.8 as:

(𝑝𝑗 − 𝑐)

(︃
𝜕𝑥𝑗

𝜕𝑝𝑗
+ 𝑥𝑗

𝜕𝑥𝑗

𝜕�̂�𝑗

)︃
=

𝑥𝑗𝜇𝑗 − 𝛾𝑗
𝜆

(2.9)

By the Slutsky Equation,17 the second term in Equation 2.9 is equal to the

derivative of Hicksian demand with respect to price, which will be strictly negative

for a downward sloping electricity demand curve. That is, the second term will be

negative so long as when price falls, consumers demand more electricity.

The first term of Equation 2.9 is greater than or equal to zero by definition. Thus,

the term to the right of the equal sign must be negative. This will only occur if 𝛾𝑗

is less than 𝑥𝑗𝜇𝑗. By complementary slackness, if:

1. 𝑓𝑗 = 0, 𝜇𝑗 ≥ 0, so 𝛾𝑗 must be > 0. Thus 𝑝𝑗 = 𝑐 for all customers with a zero

fixed charge.

16Roy (1947) relates the demand of a good to the derivatives of the indirect utility of the good.
17The Slutsky Equation relates Marshallian demand to Hicksian demand. In this case, the Slutsky

Equation dictates that 𝜕𝑥𝑗

𝜕𝑝𝑗
=

𝜕ℎ𝑗

𝜕𝑝𝑗
− 𝜕𝑥𝑗

𝜕�̂�𝑗
𝑥𝑗 . Rearranging, we get the second term in Equation 2.9.
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2. 𝑓𝑗 ≥ 0, 𝜇𝑗 = 0, so 𝛾𝑗 must be > 0. Thus 𝑝𝑗 = 𝑐 for all customers with a positive

fixed charge.

We see that the optimal variable price in the tariff for all customers is the social

marginal cost of energy. For some customers, the optimal fixed charge is zero. What

can we say about the fixed charge design for the customers with non-zero fixed

charges?

By complementary slackness, when 𝑓𝑗 is greater than zero, 𝜇𝑗 equals zero. Given

that 𝑝𝑗 = 𝑐 for all customers, Equation 2.7 dictates that 𝜕𝑣𝑗
𝜕�̂�𝑗

= 𝜆 for all customers

(i.e. for all 𝑗). Because 𝜕𝑣𝑗
𝜕𝑤𝑗

=
𝜕𝑢𝑗

𝜕𝑔𝑗
,18 this implies that 𝜕𝑢𝑗

𝜕𝑔𝑗
= 𝜕𝑢𝑖

𝜕𝑔𝑖
, ∀ 𝑖, 𝑗 = 1, ..., 𝑛, 𝑖 ̸=

𝑗. Given the optimality condition in Equation 2.1, this also implies that 𝜕𝑢𝑗

𝜕𝑥𝑗
=

𝜕𝑢𝑖

𝜕𝑥𝑖
, ∀ 𝑖, 𝑗 = 1, ..., 𝑛, 𝑖 ̸= 𝑗.

This latter characteristic can only hold if all customers with non-zero fixed charges

have the same 𝑥 and 𝑔. That is, if 𝑥𝑖 = 𝑥𝑗 and 𝑔𝑖 = 𝑔𝑗 for all 𝑖 and 𝑗. This implies

also that:

𝑤𝑖 − 𝑓𝑖 = 𝑤𝑗 − 𝑓𝑗 ∀ 𝑖, 𝑗 = 1, ..., 𝑛, 𝑖 ̸= 𝑗 (2.10)

Because 𝑝𝑖 = 𝑐, ∀𝑖,
∑︀

𝑖(𝑓𝑖) = 𝐹 . Denoting 𝑊 as the set of all customers with

non-zero fixed charges, we can sum Equation 2.10 across all 𝑗 in 𝑊 :

|𝑊 |(𝑓𝑖 − 𝑤𝑖) = 𝐹 −
∑︁
𝑗∈𝑊

(𝑤𝑗) (2.11)

𝑓𝑖 = 𝑤𝑖 +
𝐹 −

∑︀
𝑗∈𝑊 (𝑤𝑗)

|𝑊 |
(2.12)

Equation 2.12 shows that — in this simple model framework — optimal fixed charge

18 𝜕𝑣𝑗
𝜕𝑤𝑗

=
𝜕𝑢𝑗

𝜕𝑔𝑗

𝜕𝑔𝑗
𝜕𝑤𝑗

+
𝜕𝑢𝑗

𝜕𝑥𝑗

𝜕𝑥𝑗

𝜕𝑤𝑗
. Because 𝑥𝑗𝑝𝑗 + 𝑔𝑗 = �̂�𝑗 = 𝑤𝑗 − 𝑓𝑗 ,

𝜕𝑔𝑗
𝜕𝑤𝑗

= 1− 𝑝𝑗
𝜕𝑥𝑗

𝜕𝑤𝑗
. Recall also that

𝜕𝑢𝑗
𝜕𝑥𝑗
𝜕𝑢𝑗
𝜕𝑔𝑗

= 𝑝𝑗 . Combining these three equations, we see that 𝜕𝑣𝑗

𝜕𝑤𝑗
=

𝜕𝑢𝑗

𝜕𝑔𝑗
.
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design accounts for wealth. In summary, optimal rate design in the presence of wealth

constraints charges the social marginal cost for power to all customers, charges zero

fixed charge to a subset of less affluent customers, and charges non-zero fixed charges

that increase linearly with wealth for all other customers.

While this simple model is not necessarily practically useful, it demonstrates

clearly the idea that clever fixed charge design can improve economic efficiency in

the presence of wealth constraints. In Chapter 4, we introduce income-based fixed

charges and other methods to improve distributional equity. The results of this

model show a clear case for the argument that wealth-base fixed charges may increase

welfare relative to uniform fixed charge tariffs.

2.1.6 Tariff structure summary

In sum, an economically efficient customer bill would look approximately like the

bill in Figure 2-2. In Chapter 4, I explore the consumer surplus and distributional

impacts of a tariff with a real-time energy price paired with a forward-looking gen-

eration capacity charge and a fixed charge for residual cost recovery. In Chapter 5,

I add a forward-looking network capacity charge to the aforementioned tariff and

explore the distributional impacts of the charge.

While the exact details — that is, magnitude of charges, presence of forward-

looking charges, etc. — of an efficient tariff will vary across systems, certain recom-

mendations are robust to all systems. These are:

1. Volumetric prices should closely mirror marginal energy prices, reflecting net-

work and generation effects, and should vary throughout time and across locations.

2. Fixed charges should be utilized to recover network and policy costs that are

not recovered through efficient, cost-reflective volumetric charges (that is, residual
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Figure 2-2: The composition of an economically efficient customer bill

costs).

This Thesis takes these recommendations — that efficient tariffs should feature

time- and location-varying volumetric prices and non-negligible fixed charges — as a

starting point. It then examines certain equity considerations associated with their

implementation.

2.2 The economic efficiency impacts of rate design

Two-part tariffs have been used in public utility pricing since the early 20th century

(Clark, 1911). Likewise, the theoretical benefits of efficient price signals also dates

back to the early-20th century. For example, Coase (1946) contains early discussion

of the efficiency benefits of two-part tariffs, designed to distinguish between marginal

and residual cost recovery. Houthakker (1951) expanded upon earlier calls for two-

part tariffs by distinguishing between the impacts of peak- and non-peak-coincident

demand. Steiner (1957); Boiteux (1960); Nelson (1964); Turvey (1968b,a) pioneered
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the theory of peak-load pricing, which highlights the need for pricing during peak

periods to reflect the long-run marginal cost of building and operating additional

capacity to meet demand. The various approaches here all reflect the simple concept

that marginal costs during periods of low demand and low system utilization will

be far below those during peak periods and high system utilization (Joskow, 1976).

Building on the peak-load pricing literature, Vickrey (1971) presented one of the

first descriptions of the benefits of real-time pricing based on short-run marginal

costs. Schweppe et al. (1988) then expanded on these concepts to account for the

physical realities of electricity transmission and distribution networks. More recently,

scholars have begun to incorporate stochastic methods that account for the potential

for scarcity during peak periods into short-run marginal costs (Hogan, 2013).

While approaches and contexts vary, the overarching message of the theoretical

literature is clear: at any given point in time and location in the power system, the

optimal marginal price is the marginal social cost of producing power and delivering

it to that point, adjusting for losses, congestions, and the potential for scarcity. While

the marginal price only reflects the social marginal cost of producing and distribut-

ing power during off-peak periods, the efficient marginal price during peak loading

periods reflects the long-run marginal cost of building and operating additional peak

capacity (generation and network).

Figure 2-3 illustrates the loss in economic efficiency (deadweight loss) that arises

when the marginal price in the tariff (denoted 𝑃𝐴𝑑𝑚𝑖𝑛 in Figure 2-3) does not align

with the economically efficient social marginal cost (denoted 𝑃 * in Figure 2-3). Dur-

ing periods of high net demand, marginal costs tend to rise as higher marginal

cost resources are dispatched. If the marginal price in the tariff falls below the

marginal cost, consumers consume more than the welfare maximizing optimal quan-

tity (𝑄*
𝑃𝑒𝑎𝑘 < 𝑄𝐴𝑑𝑚𝑖𝑛

𝑃𝑒𝑎𝑘 ). This results in an economic efficiency loss and a transfer of
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economic surplus from producers to consumers. Likewise, during periods of low net

demand, marginal costs tend to fall. If the marginal price in the tariff is higher than

the marginal cost (as is typically the case under today’s electricity rates), consumers

consumer less than the welfare maximizing quantity (𝑄*
𝑂𝑓𝑓𝑃𝑒𝑎𝑘 > 𝑄𝐴𝑑𝑚𝑖𝑛

𝑂𝑓𝑓𝑃𝑒𝑎𝑘). The

result is deadweight loss and a transfer from consumers to producers.

Figure 2-3: Illustration of consumer surplus and efficiency implications of inefficient
marginal prices

More recent modeling exercises have highlighted the potential economic benefits

of dynamic pricing — that is, tariffs in which the marginal cost changes throughout

time — in modern power systems. For example, Borenstein (2005a) highlights how

real-time pricing of electricity (RTP) incentivizes consumers to reduce demand during

peak price periods. This results in significant long-run cost savings as system-wide

peak demand is reduced. Borenstein and Holland (2005) highlight how RTP can

reduce the ability of generators to exercise market power in the context of competitive

wholesale power markets. In sum, these two papers estimate that the efficiency gains
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of moving to real-time pricing tariffs could improve efficiency on the order of 5% to

10% of total wholesale market costs. If adopted across the U.S., this could amount

to tens of billions of dollars efficiency gains. Many other scholars have estimated

the potential long-run efficiency benefits of dynamic pricing. For example, Faruqui

et al. (2010a) estimates that the European Union could save more than e50 billion by

moving to default dynamic pricing. Similarly, Faruqui et al. (2011) estimates that the

benefits associated with time-varying pricing are likely to exceed the costs associated

with rolling out the necessary infrastructure across the U.S. Mays and Klabjan (2017)

highlights the substantial efficiency gains of adding a forward-looking generation

capacity charge to a real-time price tariff in systems with capacity remuneration

mechanisms. More recently, Fripp and Roberts (2018) argues that the efficiency

benefits of dynamic pricing are likely to increase as the penetration of intermittent

renewable generation increases, leading to larger diurnal price variance.

The benefits of real-time pricing — and, more generically, dynamic pricing —

have been empirically demonstrated as well. These benefits have been demonstrated

as far back as the early 1980s (Aigner, 1985; Mitchell et al., 1978). Wolak (2007),

Allcott (2011), and Wolak (2011) evaluate residential real-time pricing programs; the

authors demonstrate that customers do, in fact, reduce peak demands in response to

real-time prices. Wolak (2011) compares the response of residential customers to a

real-time price and a critical peak price19 and finds that customers respond more to

critical peak prices than real-time prices, and that the duration of the peak period

has a limited effect on customer response.

In addition to these economic efficiency findings, recent studies provide a number

19Under critical peak pricing, prices do not reflect the real-time marginal cost of energy, but rather
an administratively determined peak price. This price is only in effect during certain “critical peak
periods” which are typically announced in advance.
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of lessons for ensuring rate reform achieves its intended efficiency benefit. Jessoe and

Rapson (2014) finds that providing usage information in addition to price information

boosts customer response. This observation is consistent with behavioral economic

concepts and has important implications for ensuring efficient customer response in

pricing programs. Fowlie et al. (2017) examine the impacts of opt-in versus opt-out

dynamic pricing programs, and finds significant default effects, indicating that de-

fault choices are critical in the context of electricity pricing. Bollinger and Hartmann

(2017) examines the role of automation in efficient response to real-time prices, find-

ing that automated devices dramatically increase response and economic efficiency.

These results imply that, as the penetration of automated devices increases, the po-

tential benefits of improved tariffs may increase. Finally, Ito et al. (2018) find that

electricity price signals induce greater and more lasting response than moral suasion

alone, implying that behavioral methods to reduce demand in peak periods are no

substitute for improved tariff reform.

This Thesis expands upon this literature in two ways. First, by evaluating the

potential consumer surplus changes of both transitions towards real-time pricing and

moves towards fixed charges for residual cost recovery. The bulk of the existing liter-

ature focuses on the efficiency implications of moving towards time varying pricing.

However, as we show in Chapter 4, the distortion resulting from inefficient network

cost allocation may exceed the distortion created by failing to pass on the temporal

variation in energy costs.20 By providing a unified comparison, we expand intuition

20Borenstein and Bushnell (2018) demonstrates that the cost of environmental externalities may
roughly equal the magnitude of volumetric charges for residual cost recovery in the Chicago area.
My results in Chapter 5 Section 5.4.4 confirm this finding. This implies that the average marginal
price may be closer to the optimal marginal price when transmission and distribution costs are
recovered through a volumetric charge. Nonetheless, if an emissions surcharge were efficiently
applied to all tariffs, we would still expect to see a tariff with efficient network cost allocation be
closer to the social marginal cost than a tariff with inefficient network cost allocation.
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surrounding the key distortions in electricity tariffs. Second, by modeling more com-

plex and complete rate designs. This Thesis explores the impacts of forward-looking

generation and network capacity charges, which have been largely ignored in the

literature.

2.3 The distributional impacts of rate design

Economic efficiency is not, of course, the only consideration in residential rate design.

Equity is a central consideration in Bonbright (1961)’s and (Pérez-Arriaga, 2014,

ch. 8)’s widely used guiding principles for rate design. Indeed, regulation has long

been used as a means of distributing benefits — a task typically associated with the

government (Posner, 1971). Recently, Levinson and Silva (2019) found that utilities

in regions with higher levels of income inequality had more income redistributive

electricity rates. This implies that income redistribution is an explicit regulatory

goal, and that this goal is expressed in rate design.

There is relatively limited literature on how different tariff designs (and the transi-

tions from today’s designs) impact customers of different socioeconomic groups. This

Thesis assesses the distributional impacts of two salient tariff design distortions:

1. The distortions that arise from recovering residual costs with volumetric charges.

2. The distortions that arise from price signals that do not pass on the temporal

volatility in the price of energy.21

21These are not the only distortions present in electricity tariffs. Specifically, in most markets
across the U.S., the full marginal social cost of pollution is not included in the tariff. Borenstein
and Bushnell (2018) suggests that the net impact of the failure to price externalities into tariffs
differs across markets.
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Some power sector stakeholders — primarily select consumer advocates and in-

dustry trade groups — have advocated for maintaining today’s largely time invariant

and volumetric tariffs. These stakeholders argue that efficient prices will be funda-

mentally unfair and/ or inequitable, arguing that efficient tariffs will have undesirable

bill impacts for certain classes of consumers (e.g. low-income, fixed-income, or rural

customers) (American Association of Retired Persons, 2010; Southern Environmen-

tal Law Center, 2015; Solar Energy Industries Association, 2017; Alexander, 2010).

There are typically two distinct concerns. The first and perhaps primary argument

against rate reform surrounds increasing fixed charges for residual cost recovery. For

example, the National Consumer Law Center, a non-profit dedicated to "advancing

fairness in the marketplace for all," states plainly that "high utility fixed charges

harm low income, elders and households of color" (National Consumer Law Center,

2016). In addition, some stakeholders also argue that today’s temporal and loca-

tionally invariant tariffs protect vulnerable customer groups — that is, that price

spikes or bill volatility could uniquely harm low-income customers. Moreover, they

argue that at-risk customer groups will not be able to respond to efficient prices and

would face higher and more volatile bills as a result (Alexander, 2010). Others take

a more precautionary approach, noting that, because real time pricing may harm

some vulnerable customers, real time pricing should be offered as an opt-in product

and only to certain groups (Horowitz and Lave, 2014).

The literature on the distributional impacts of increasing fixed charges and de-

creasing volumetric charges for residual cost recovery consistently points to the re-

gressive nature of such transitions. Feldstein (1972b) derives optimal two-part elec-

tricity tariffs under the constraint that all customers must face the same fixed charge.

Borenstein (2011) finds that such charges are regressive in California. Similarly,

Borenstein and Davis (2012) explore the efficiency and distributional impacts of in-
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creasing fixed charges and improved two-part tariffs for natural gas consumption

using a nationally representative sample of customers. Borenstein (2012b) finds that

California’s increasing block tariffs have a moderate redistributional impact relative

to a pricing structure with lower volumetric charges for high-consuming customers,

a finding that underscores the regressive nature of a transition to a tariff with higher

fixed charges and lower variable charges. However, Borenstein (2012b) finds that

income is imperfectly correlated with consumption. This fact is important, as this

imperfect re-distribution comes at substantial economic cost.

The literature on the distributional impacts of transitioning to more time granular

pricing shows mixed results. Many scholars have noted that today’s flat tariffs are

inequitable, as they embed cross subsidies between customers that consume more

power during high price hours and those that consume less (Simshauser and Downer,

2016; Faruqui, 2012; Hogan, 2010; Faruqui et al., 2010b). In the short term, these

“expensive” customers pay less than their cost of service, while other customers pay

more. In the long term, customers that tend to consume at times of high system

demand drive greater need for investment in system infrastructure, which drives up

costs for all users.

Borenstein (2013) explores the impacts of opt-in dynamic pricing programs on

those that do not opt-in, finding the impacts to be relatively minor. He proposes

an opt in program as a solution to the intractable challenge of balancing efficiency

and equity. However, due to default, inattentiveness, and other behavioral biases

among customers, opt-in tariffs deliver substantially fewer benefits than do opt-out

programs (Fowlie et al., 2017). Hledik and Greenstein (2016) find that charges based

on peak demand do not harm low-income customers on average, and present these

customers with large opportunities to save with peak-shaving. Horowitz and Lave

(2014) argue that real-time pricing may negatively impact low-income customers on
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average, and that, as a result, real-time pricing programs should only be offered on an

opt-in basis. On the contrary, Simshauser and Downer (2016) find that today’s flat22

rates negatively impact vulnerable customers on average, and that default dynamic

pricing could improve efficiency and distributional equity. Similarly, Faruqui (2012)

argues that time invariant, volumetric rates embed cross subsidies from customers

that consume during low-price hours and customers that consume during high-price

hours.

This Thesis expands upon this literature by — for the first time — demonstrat-

ing economically efficient mechanisms for mitigating the distributional impacts of

transitioning to tariffs with higher fixed charges for residual cost recovery. The

simple mechanisms demonstrated in Chapter 4 require only observable data and can

substantially improve upon current methods for balancing efficiency and equity. Fur-

ther, as discussed in the following section, this Thesis expands this conversation in

the context of DER adoption.

2.4 The distributional impacts of rate design in the

presence of DER adoption

In recent years, regulators and scholars have begun to focus more attention on the

interaction between DER adoption and retail rates, with a focus on the distributional

impacts of DER adoption. There is a substantial amount of engineering, economic,

and techno-economic literature on the interplay between rate design and DER eco-

nomics. There are two categories of this literature that are particularly relevant

for this Thesis. First, analyses of the distributional effects of DER incentives and

22Flat rates refer to time and locationally invariant tariffs.

70



support programs. Second, analyses of the potential distributional impacts of DER

adoption under alternative rate designs.

Given the scale of the distributed solar industry relative to other distributed

resources, the bulk of the literature on the net social benefits of DERs and the distri-

butional impacts of DER support schemes has focused on solar PV. Vaishnav et al.

(2017) analyzes the costs of support programs for rooftop solar PV and the benefits of

the associated climate and air pollution reductions, and finds that, between 2011 and

2015, private benefits exceeded public benefits by roughly $13.5 billion in the U.S.23

Vaishnav et al. (2017) also find that these benefits have accrued predominately to

more affluent households. Similarly, Borenstein (2017) analyzes the private benefits

of solar PV adoption in California, and finds that these benefits have disproportion-

ately accrued to affluent households. Borenstein and Davis (2016) analyze support

programs beyond solar PV, including tax credits for home weatherization, hybrid

and electric vehicles, and other types of “clean energy;” the authors again find that

the top income quintiles receive the lion’s share of the benefits of these programs.

Outside of federal tax credits, the costs of which are recovered through general

taxation measures, the bulk of the costs of support programs for DERs are recovered

through charges levied on electricity consumers in electricity tariffs. Rates also must

recover residual network costs. The second relevant stream of literature analyzes how

the structure of the mechanisms used to recover DER support costs, more generic

policy costs, and residual network costs impacts customers of different socioeconomic

groups.

One challenge associated with measuring the distributional impacts of rate de-

23Note that this analysis does not include two important factors. First, the potential network
cost impacts (either cost reductions or increases) of DER adoption. Second, the potential spillover
benefits of solar PV subsidies on cost reduction and deployment in other markets. For a discussion
of these benefits, see Gerarden (2017) and Borenstein (2012a).
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signs is that determining the structure and magnitude of an economically efficient

tariff is not straightforward. The ideal short run marginal price — i.e. the variable

price in the tariff at any given point in time — would convey the full societal marginal

cost of consumption or production. This marginal price should include the cost of

any externalities (e.g. emissions), the cost of energy, and, critically, the marginal cost

of short run production and consumption decisions on future network and generation

capacity costs.

If the electricity tariff enables a DER adopter to save money in excess of society’s

cost savings from that DER adoption, the excess savings are simply a transfer from

non-adopters to adopters, and not a societal benefit. Given the complexities of the

issue and a general dearth of useful data, there is substantial uncertainty over the

optimal design and magnitude of price signals to reflect the marginal impacts of

consumption and production decisions on network costs. While the magnitude and

design of the optimal marginal network tariff is uncertain, one thing is clear: the

magnitude of the optimal marginal network tariff will vary widely depending on

location and time (Burger et al., 2019c; Pérez-Arriaga et al., 2016).

Some initial evidence suggests that DERs — in particular, rooftop solar PV —

enable greater private savings than system cost reductions on average. For example,

Schmalensee et al. (2015) finds that solar PV adoption likely increases rather than

decreases network costs under a variety of conditions. Using a simulation model,

Satchwell et al. (2015) find that solar PV adoption generally reduces private costs in

excess of utility costs using two model utilities in the U.S.

This observation, combined with the fact that the benefits of DER support

schemes have flown predominately to the affluent, has led to a review of the role

of tariffs in the distributional impacts of DER adoption. Nelson et al. (2011) argue

that the mechanism for supporting rooftop solar PV in Australia is regressive, bene-
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fiting high-income customers at the expense of lower income customers. Simshauser

(2016) concurs, finding that, as rooftop solar PV penetration increases, flat, vol-

umetric rates cause a net cost shift from low income to higher income customers

in Australia, and argues for coincident-peak demand-based tariffs as a potential

remedy. Simshauser (2016) extrapolates from a small set of customers intended to

represent typical Queensland Australia customers. Using a model of nine customers

intended to be representative of customers in New Jersey in the United States, John-

son et al. (2017) similarly find that DER adopters tend to benefit at the expense

of non-adopters. Leveraging a data set of 199 customers in the United Kingdom,

Strielkowski et al. (2017) duplicate Simshauser (2016)’s model and, logically, find

similar results. Using a robust data set of annual consumption24 from roughly 135,000

customers in Switzerland, Feger et al. (2017) calculate tariffs that equalize bill in-

creases across income classes while meeting a specified distributed solar adoption

target. Reguant (2019) uses representative residential, commercial, and industrial

load profiles from California and a model of the costs of different clean energy poli-

cies to assess the distribution of impacts between customer classes (i.e. residential,

commercial, and industrial); the author models different rate designs as pass-through

mechanisms, including a time invariant tariff with fixed policy cost recovery, and a

Ramsey-Boiteaux model (Ramsey, 1927; Boiteux, 1956).

Nonetheless, some ratepayers continue to support rooftop solar deployment poli-

cies. For example, Simpson and Clifton (2016) use surveys to explore sentiments

of Western Australians surrounding the “justice” of rooftop solar support policies,

finding that many Western Australians support rooftop solar despite concerns about

the inequity of these policies.

24The authors partner with a Swiss startup to simulate hourly consumption profiles based on
household characteristics.
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The findings from this literature are relatively consistent: DER adoption has

the potential to create distributional impacts across adopters and non-adopters, and

across customers of different socioeconomic backgrounds. However, the existing lit-

erature has suffered from three shortcomings which limits its generalizability. First,

the research has been based predominately on data sets with only a limited number

of customers (e.g. less than 200), or with limited fidelity (e.g. only annual consump-

tion). Second, the research has retrospectively explored the impacts of PV adoption

at relatively low penetrations. This Thesis builds upon this literature by expanding

the scope of analysis (no paper to date has analyzed these issues in the U.S. context),

leveraging a large and granular data set, and simulating potential futures with very

high penetrations of rooftop solar PV.
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Chapter 3

“Fair,” “Equitable,” and Efficient

Tariffs in the Presence of Distributed

Energy Resources

Much of the material in this Section is a modified version of material from Burger

et al. (2018), written in collaboration with co-authors Audun Botterud, Ian Schnei-

der, and Ignacio Pérez-Arriaga.

3.1 Introduction

Utilities, regulators, and academics no longer debate whether or not distributed

energy resources (DERs) will reshape the power sector; they now debate what form

this transformation will take and when it will take place. At the center of the new

vision for the power sector is the consumer. As highlighted in the introduction

to this book, DERs give consumers new options for how to source and manage
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their electricity and offer utilities and service providers new means to provide better

services to their customers. This trend can potentially deliver significant benefits to

electricity consumers by lowering costs, increasing reliability, lowering emissions, and

enhancing customer choice. However, if integrated poorly, DERs can substantially

increase power system costs and emissions (Pérez-Arriaga et al., 2016; Schmalensee

et al., 2015; Fares and Webber, 2017).

Regulators, policy makers, consumer advocates, and utilities are searching for

solutions to ensure that DER integration increases - rather than decreases - the so-

cial net benefits of the power system. While many regulatory and market changes

will be required to efficiently integrate DERs, changes to tariff design are one of the

primary tools for increasing the benefits of customer engagement and DER adoption

(Pérez-Arriaga et al., 2016). The New York Department of Public Service concluded

that value-driven DER adoption requires “more precise price signals for these new

products and services that will, over time, convey increasingly granular system value

further enabling increasingly accurate compensation and driving informed and there-

fore effective investment decisions” (New York Department of Public Service, 2016a).

New York is not alone. In 2017, regulators in 45 of 50 U.S. states and the District

of Columbia opened dockets related to tariff design or made changes to tariff design

to better enable socially beneficial DER integration (North Carolina Clean Energy

Technology Center, 2018). Similarly, in November 2016, the European Commission

issued a sweeping set of rulings designed to put consumers at the center of the Eu-

ropean power system, and tariff design was central to the new rulings (European

Commission, 2016).

Of course, economics is not the only consideration in tariff design. In order for

regulators to adopt more efficient tariff designs, these tariffs must be socially and

politically acceptable. The perception of the fairness and equity of a tariff are criti-
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cal aspects of whether or not the tariff will be accepted, and fairness considerations

have historically been critical components of regulatory decision making (Jones and

Mann, 2001). For example, both the Massachusetts Department of Public Utilities

(DPU) and the New York Department of Public Service list fairness as a core prin-

ciple for tariff design, and the Massachusetts DPU recently cited fairness in a recent

ruling denying a utility’s petition for an increase in fixed charges (Massachusetts De-

partment of Public Utilities, 2016; New York Department of Public Service, 2016a).

Similarly, the Nevada Public Utilities Commission recently overturned a previously

approved increase in fixed charges, citing, fairness considerations (Nevada Public

Utilities Commission, 2017). These anecdotes are supported by the fact that equity

is central to commonly cited tariff design principles (Bonbright, 1961; Pérez-Arriaga,

2014).

This chapter builds on existing literature to examine the issue of whether or not

efficient tariffs are fair and equitable.1 While many scholars have considered the

economic and emissions implications of efficient tariffs and their relationship to DER

adoption, comparatively few have examined fairness and equity considerations. This

chapter aims to fill this gap, with a special focus on the equity and fairness of efficient

and inefficient tariffs in the presence of DERs.

This chapter provides a clear definition of several key equity and fairness consid-

erations in the context of electricity rate design and proposes distinct mechanisms for

improving each consideration. Different groups and individuals often have different

views of what is fair and equitable, and these views are sometimes grouped together

or blurred in discussion regarding fairness and equity. The clear boundaries around

1(Pérez-Arriaga, 2014, p. 402) defines equity as meaning that “equal power consumption should
be charged equally, regardless of the nature of the user or the use to which the energy is put.”
Section 3.2 highlights a number of aspects of the debate on fairness and expands upon how fairness
and equity are used in this chapter.
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the considerations we describe enable a better understanding of how efficient tariffs

will impact equity and fairness. This chapter uses illustrative examples to highlight

how properly designed, efficient tariffs can improve equity and fairness along many

dimensions in the presence of DER adoption. Moving to more efficient tariff designs

is critical to ensuring that customer choice and the resulting customer stratification

benefit society as a whole, rather than a single customer or set of customers at the

expense of others. As this chapter highlights, in many cases, tariffs can be made

more efficient without compromising equity and fairness. The chapter is organized

into eight sections:

1. Section 3.2 outlines three key aspects of equity and fairness in the power system

context. While the three considerations outlined are not novel, they provide

clear boundaries between commonly discussed ideas of equity and fairness in

the context of tariff design.

2. Section 3.3 highlights how one particular aspect of equity — what we term

“allocative equity” — is always improved by improving economic efficiency.

3. Section 3.4 discusses how efficient tariffs often improve distributional equity

with respect to key vulnerable customer groups. Section 6 highlights the fact

that, while efficient tariffs may have “unfair” impacts on some vulnerable cus-

tomers, there are many mechanisms for alleviating these distributional concerns

that are superior to today’s tariffs.

4. Section 3.5 discusses the fairness and equity challenges that must be overcome

in transitioning from one tariff structure to another.

5. Section 3.6 concludes.
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This chapter expands upon the body of literature on equity considerations of

electricity tariffs — introduced in Chapter 2 — in two ways. First, this chapter clearly

articulate three component parts (allocative, distributional, and transitional equity)

of the equity and fairness discussion. By breaking down the discussion into these

three parts, this chapter is able to propose more targeted solutions to the identified

challenges. Second, this chapter extends the discussion of previous authors to account

for the impact of DERs beyond solar PV and pricing structures beyond time varying

pricing. Specifically, this chapter expands the conversation by explaining how three

key features of more efficient rates — time and location varying, and higher fixed

charges — impact equity and fairness.

In order to explore the fairness and equity of efficient tariffs and DER adoption,

we must first define these concepts in the context of this paper. Drawing from

economic theory and the existing literature on equity and fairness, we define certain

aspects of these concepts in the context of electricity tariff design in Section 3.2.

3.2 Allocative, Distributional, and Transitional Eq-

uity

Different stakeholders in the power sector may have dramatically different views of

what is fair or equitable (Harvey and Braun, 1996). Indeed, there are a multitude

of ways to define fairness and equity with respect to tariffs (Neuteleers et al., 2017).

In general, regulators must attempt to balance these varying views to achieve an

acceptable design at least economic cost.

For example, some may consider that a tariff in which all customers within a

service territory pay the same per-kilowatt-hour (kWh) charge — regardless of when
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or where they consume — to be equitable. Many scholars have noted that tariffs of

this nature benefit some customers at the expense of others (that is, some customer

pay less than the costs that they drive, while others pay more) and, relatedly, that

meeting this definition of equity comes at a significant societal cost.2. Of course,

others may consider tariffs of this nature to be inequitable for these reasons and

others. Making informed tariff design decisions requires understanding these various

tradeoffs.

The purpose of this chapter is not to definitively define equity and fairness.

Rather, this chapter examines the potential tradeoffs between economically efficient

tariffs and certain key aspects of equity and fairness. This chapter explores three

equity considerations with respect to electricity tariff designs: allocative equity, dis-

tributional equity, and transitional equity.

In this chapter, we define an allocatively equitable tariff as a tariff that treats

identical customers equally. Our definition of allocative equity therefore aligns with

common definitions of equality (see, for example, (Isaac et al., 1991)) and, in partic-

ular, those of Bonbright (1961) and Pérez-Arriaga (2014). In practice, this has two

key implications:

1. Marginal consumption or production decisions are charged or paid according

to the marginal costs or values they create.

2. Residual costs are allocated according to customer characteristics that are not

impacted by their short term electricity consumption or production decisions.

In other words, one customer’s behavior cannot cause another customer to pay

more or less residual costs.

Because customers located in different areas of a given network or consuming
2See the many citations in Chapter 2
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at different times are not electrically identical, this definition does not mean that

all customers pay the same rate for electricity. This implies that two customers

connected at the same location and consuming at the same times would pay the same

marginal rates for electricity, and that no cross-subsidies of marginal costs between

customers exist.3 Many previous scholars have assessed how time invariant tariffs

create cross-subsidies between customers and thus violate this concept of equity (see,

for example, (Faruqui et al., 2010b)).

Of course, marginal cost-based charging does not recover residual costs. By defi-

nition, residual costs aren’t caused by the actions of any one customer and therefore

can’t be charged to those who cause them. Identical customers would, according to

this definition, have an identical allocation of residual costs; this meets definitions of

distributive justice or equality based on equal starting points (Rawls, 2001; Dworkin,

2000). If a tariff allows a customer to alter their contribution to residual cost recov-

ery by changing their consumption or production, the tariff would not be charging or

paying according to marginal costs or values. Therefore, the second implication fol-

lows from the first. Tariffs that allow customers to alter their contribution to residual

costs based on consumption or production decisions allow customers to deviate from

the equal starting point allocation based on factors other than cost or value.

This definition of equity provides regulators leeway to define which customers are

identical. For instance, regulators could use wealth or other customer characteristics

to determine residual cost allocations. Section 3.3 delves into this issue in more

detail, and highlights how improving economic efficiency always improves allocative

equity.

This chapter defines a tariff structure as distributionally equitable or fair if it

3That is, if one customer drives a cost, no other customer pays for that cost. This eliminates,
for example, cross-subsidies between peaky and non-peaky customers.
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meets locally defined standards of social justice with respect to the distribution of

goods between vulnerable and non-vulnerable customers.4 Of course, as noted, other

definitions of fairness exist; nonetheless, here we focus on the issue of whether or not

vulnerable customer groups pay an acceptable amount for electricity service, as this

is a critical consideration for many regulators.

As Hogan (2010) and Neuteleers et al. (2017) describe, society’s preferences for

equitable distribution do not necessarily imply specific goals or preferences for how

to distribute individual goods; for example, how to price electricity Young (1994).

Practically, however, regulators and policy makers in many power systems explic-

itly or implicitly price electricity in such a way as to meet social justice outcomes.

Indeed, scholars have long recognized that one of the key regulatory functions in elec-

tric power is to distribute benefits among members of society - a function typically

associated with the government (Posner, 1971). For example, the state of New York

funds programs to ensure that low-income customers spend less than six percent of

their total income on electricity (New York State, 2017), and the state of California

offers discounts on electricity and gas prices to low income customers (California

Public Utilities Commission, 2018a).

To the extent that a certain tariff scheme meets local and regional goals designed

to achieve social justice, this chapter considers this scheme to be distributionally

equitable or fair. Efficiency maximizing tariffs would, in theory, incorporate wealth

effects into residual cost allocation, achieving some socially desirable and welfare

enhancing redistribution. However, this does not imply that efficient, allocatively

equitable tariffs will always meet local targets for a fair distribution of goods.

4Throughout this paper, fairness, social justice, and distributional equity are used interchange-
ably. Vulnerable customers in this context refers broadly to any customer group that has been
defined as needing electricity price and/ or bill protections in a given location. Low-income, fixed-
income, and rural customers are the most common types of vulnerable customers.
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Finally, this chapter notes that in a transition from one tariff structure to an-

other, there are also likely to be transitional equity challenges, as some consumers

experience higher costs and others lower costs. In the context of electricity tariffs,

the Pareto criterion5 for a transition states that a transition should be made only

if at least one customer will experience lower electricity bills while no customers

experience higher bills. On the other extreme is the Kaldor-Hicks criterion,6 which

states that a transition should be made if it is net welfare improving, regardless of

whether certain customers are worse off. In practice, tariff structure transitions will

not satisfy the Pareto criterion. Tariff design changes may negatively impact the

value of assets, and, in some cases, create stranded assets.7 This may violate cer-

tain concepts of fairness to legitimate expectation and holds the potential to create

political economy opposition to new tariff designs. To the extent that regulators or

policy makers wish to address these transitional impacts, they should be addressed

separately from allocative and distributional equity considerations.

Of course, these three equity considerations are not intended to cover the en-

tire scope of possible definitions of equity. However, they are commonly discussed

concepts, and thus deserve special attention.

Sections 5, 6, and 7 provide more in depth discussion of allocative equity, dis-

tributional equity, and transitional equity, respectively, in the context of electricity

tariff reform.

5See (Hochman and Rodgers, 1969)
6See (Kaldor, 1939; Hicks, 1940)
7For example, the value of a home may decrease due to an increase in energy bills. Similarly,

tariff design changes may render an investment in solar photovoltaics (PV) unprofitable, stranding
the asset.
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3.3 The Allocative Equity of Electricity Tariffs

The following subsections explore three examples to better understand the allocative

equity of different tariff designs. In order to maintain consistency and provide more

clarity, many examples draw on a common, hypothetical power system. For simplic-

ity and without loss of generality, this paper assumes that the system is run by a

vertically integrated utility, called Investor Owned Utility, or IOU for short. The

concepts described in this paper hold for all utility types (for example, municipal

utilities or co-operative utilities), and are not specific to investor owned utilities.

IOU’s system is depicted in Figure 3-1. IOU’s system has three meshed nodes

(nodes A, B, and C) in its distribution system and two radial distribution feeders (one

connected to node A and one to node B). During both day and night, demand at node

B is 30 megawatts (MW) and demand at node C is 50 MW. All customers within

IOU’s system are identical. For simplicity, IOU’s meshed distribution power lines are

lossless, and each line (i.e. line A-B, B-C, and A-C) has equal impedance. Line B-C

has a 20 MW transfer capacity - that is, the line will become congested at 20 MW.

The other lines each have 60 MW transfer capacities. The power flows are shown

in Figure 3-1. The marginal cost of generation coming from the transmission grid

is 5 cents per kilowatt-hour (kWh). Because this transmission-connected generator

serves all of IOU’s customers day and night and because there are no losses or

congestions, the marginal prices at nodes B and C are $0.05/kWh. There is an

additional generator connected to node C with a high marginal cost of $0.20/kWh.

Because of its high marginal cost, this generator is not currently producing any

power.

In this example and those that follow in Section 3.3, all power flows and marginal

costs are calculated using a simple direct current, lossless, linearized optimal power
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flow model. The formulation of this model is outside of the scope of this chapter.

Figure 3-1: Investor Owned Utility’s (IOUs) system and power flows with no dis-
tributed generation

It is assumed that IOU’s cost structure is identical to the average investor owned

utility in the U.S., as depicted in Figure 3-2. 45% of IOU’s costs are related to the

production and procurement of energy; 27% are related to network asset investment,

maintenance, and depreciation; 13% are related to sales, general, and administrative

(SG&A) costs; finally, 15% are taxes and other policy and regulatory costs. For

the sake of simplicity, this chapter assumes that all network and depreciation costs,

SG&A costs, and taxes and other costs are essentially fixed in the short term. Thus,

45% of costs vary in the short term with the quantity of energy consumed, while

55% do not.

The following sections explore the equity and fairness of efficient and inefficient

tariffs in the presence of DERs.

To analyze the typical tariff structure today, Section 3.3.1 first examines a situ-
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Figure 3-2: Cost structure of IOU

Data source: (Federal Energy Regulatory Commission, 2017)

ation in which IOU’s tariffs are volumetric. The energy price for IOU’s customers is

$0.05/kWh and the charge for all the remaining costs is $0.06/kWh.8 IOU therefore

recovers $96,000 in energy costs and $115,200 of residual costs per day, which will

be assumed to be its regulated revenue requirement.9 For the sake of simplicity,

with the exception of one example, we assume that demand in IOU’s system is not

growing. This chapter thus ignores the forward-looking, peak-coincident charges for

network and generation capacity expansion in most examples.

This type of volumetric tariff is very common. Despite broad agreement on the

benefits of efficient tariffs and widespread deployment of the infrastructure needed

to calculate and communicate these tariffs,10 less than 0.5% of residential customers

and less than 5% of commercial customers in the United States even have the option

8$0.05/kWh covers 45% of IOU’s costs, thus the remaining 55% of the costs are recovered through
a $0.06/kWh charge.

9$0.05/kWh for 80 MW during 24 hours for energy costs, and $0.06/kWh for 80 MW during 24
hours for residual costs.

1047% of American households and 45% of American commercial properties have advanced me-
tering infrastructure (U.S. Energy Information Administration, 2018b).
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of being exposed to real time prices today (U.S. Energy Information Administration,

2018b). Instead, the vast majority of electricity consumers are on time and location-

ally invariant (“flat”) electricity prices that recover residual policy and network costs

via volumetric (that is dollar per kilowatt-hour) charges.

3.3.1 Allocatively equitable tariffs minimize network cost shifts

Let us consider a situation in which customers at node B adopt solar. Figure 3-

3 depicts the flows and marginal prices at each node when customers at node B

have adopted a moderate amount of solar (10 MW). For simplicity, the solar system

produces an average of 10 MW for all 12 daylight hours. All solar produced at node

B is consumed locally, and any additional power demand must be produced at node

A. Thus, the marginal prices at nodes B and C are still $0.05/kWh.

Figure 3-3: Moderate solar adoption at node B

Data source: (FERC 2017)

An allocatively equitable tariff design would allocate IOU’s residual costs through

fixed, per customer charges. If these charges also accounted for each customer’s
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wealth elasticity of demand, they would be economically efficient. In this example,

this fixed charge would cover 55% of each customer’s bill. Under an allocatively

equitable tariff design, as customers increased solar production, they would be paid

the marginal value of that production: $0.05/kWh.

Solar customers that reduce the need for future network investments should ben-

efit from doing so. These benefits could come in the form of lower forward-looking

charges in advance of a network investment and lower fixed charges in the future as-

sociated with lower levels of residual costs. Where distribution wires are constrained,

this may also come in the form of payments for reducing demand during constrained

network periods (Pérez-Arriaga et al., 2016). If these payments are fixed for any

period of time, they are essentially residual and should be recovered as such.

With flat, volumetric tariffs, customers at node B are in effect paid $0.11/kWh

for every kWh generated since their consumption is reduced by the amount of solar

generated.11 Customers at node B are offsetting 120 megawatt-hours (MWh)12 of

$0.05/kWh generation, thus reducing the system’s costs by $6,000 during the day

time period. Solar customers at node B also avoid paying $7,200 in residual network

and policy charges (per day).

Solar at node B does not change the total amount of residual costs associated with

existing infrastructure that must be recovered (Borenstein, 2016). Some argue that

distributed solar systems decrease future distribution system costs. Both modeling-

based and empirical research efforts demonstrate that distributed solar rarely reduces

and often increases future distribution system costs (Cohen et al., 2016; Schmalensee

et al., 2015; Wolak, 2018). Where distributed solar does reduce future network

11This example does not require that customers are net-metered; indeed, under most tariff designs,
consuming energy produced on site reduces net consumption and thus total residual cost payments.

1210 MWh per hour for 12 hours.
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costs, the costs of any remuneration mechanisms for providing this value should be

recovered as a residual cost (as no near-term action can change the need to pay for

this remuneration mechanism).13

In this example, under flat, volumetric tariffs, IOU does not fully recover its

residual costs. IOU has two options: raise tariffs to recover these costs or write these

costs off.

First, IOU can raise tariffs. This would require IOU to increase tariffs for all

customers by $0.004/kWh, or a 3.6% increase; this impact is especially significant

for non-solar owners, because solar owners have low consumption of grid power.

Citing the Faulhaber principle for cross-subsidization,14 Wolak (2018) argues that

this does not, in fact, create a cross-subsidy between customers, as solar owners are

likely paying more than their incremental cost of service. Some stakeholders have

used similar arguments to justify volumetric tariffs that enable customers with self-

generation to contribute less to residual cost recovery. However, this idea violates

both economic efficiency principles and the allocative equity principles outlined above

(as solar customers’ marginal actions impact the residual cost payments for non-solar

customers).

Second, IOU may write these assets off as stranded, and pass these losses on

to IOU’s shareholders. There is legal precedent for such action (Hempling, 2015).

However, in most cases, regulators and utilities are hesitant to write off assets if
13Distributed solar also provides emissions mitigation benefits (that is, avoided CO2 and other

pollutants). In some cases, the magnitude of these benefits exceed the magnitude of residual network
costs on a per-kWh basis (Borenstein and Bushnell, 2018). These benefits should be remunerated.
However, remunerating these benefits via decreased residual cost payments simply results in a cost
shift as described herein (as there is a revenue adequacy constraint on total residual cost payments).
These benefits should ideally be remunerated through mechanisms independent of residual cost
recovery (e.g. a carbon tax).

14The Faulhaber principle states that there are no cross-subsidies between customers if all cus-
tomers are paying more than their incremental cost of service and less than their stand-alone cost
of service. See (Faulhaber, 1975).
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regulators have approved cost recovery for these assets. In addition, writing off

assets runs the risk of increasing IOU’s cost of capital, as IOU’s investments are now

more risky. An increased cost of capital will have one of two effects. First, IOU

may require a higher regulated rate of return, which will ultimately increase costs

for all consumers. Second, IOU may slow investment in its network if the cost of

capital increases closer to the allowed rate of return. This has the risk of causing

deteriorating service for all network users (Baumal and Sidak, 1994).

This example demonstrates how tariffs that allocate sunk costs through volu-

metric charges are not allocatively equitable in the presence of rooftop solar. This

example also highlights how allocatively equitable tariffs would eliminate this ineffi-

cient cost shift. The following example builds on this example and previous research,

demonstrating how the inequities present in time and locationally invariant tariffs

can be exacerbated by the presence of DERs like rooftop solar.

3.3.2 Allocatively equitable tariffs minimize energy cost shifts

Let us now consider another example in which solar at node B grows significantly.

This section ignores residual cost allocation, as the previous section covered this

topic. Figure 3-4 depicts the flows and marginal prices at each node when customers

at node B have adopted a large amount of solar. In this case, solar at node B meets

all of the load at node B and 10 MW of the load at node C during the daylight period.

Because of the line constraint between nodes B and C and because of the need for

power to flow according to Kirchhoff’s laws, any production greater than 40 MW

must be curtailed. The marginal price at node B is $0.00/kWh, as any additional

demand will be met locally by zero marginal cost solar. The marginal price at node

C, on the other hand, is $0.10/kWh, as, in order to meet an increment of 1 megawatt-
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hour (MWh) of demand at node C, the generator at node A must increase production

by 2 MWh and the solar system at node B must curtail production by 1 MWh.

Figure 3-4: Substantial solar adoption at node B creates a binding network constraint

Data source: (Federal Energy Regulatory Commission, 2017)

If flat, locationally invariant prices are used, the energy price seen by customers

at nodes B and C will be $0.05625/kWh: the average energy price. This is inefficient

and problematic for several reasons.

First, customers at node B cross-subsidize customers at node C substantially

during the day. Customers at node C pay less for energy than the marginal cost of

service during the day, and customers at nodes B and C pay more than the marginal

cost of production at night. Similarly, customers at node B pay more for energy

during the day than necessary, underutilizing the zero marginal cost resource.

Second, if customers at node B are paid the average energy price for solar pro-

duction, this sends a signal that power at this node is still valuable, despite the fact

that any new solar production will simply be curtailed. This could drive further solar

adoption at node B, exacerbating cost shifting problems. This also masks the value

of power at node C.
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Allocatively equitable tariffs would charge each customer the marginal cost of

energy at each time and location (that is, the marginal price at each node). Hence,

allocatively equitable tariffs would enhance social welfare by eliminating inefficient

under- and over-consumption, and by providing better investment signals.

3.3.3 Allocatively equitable tariffs improve incentives for ef-

ficient network utilization

The final example in this section highlights how forward-looking network charges can

improve allocative equity over today’s socialized, volumetric network charges. In this

example, substantial load growth at node C creates a binding constraint on the B-C

line. Some load growth occurs at node B, but this load growth is not nearly as large.

Due to the load growth at node C, the high marginal cost generator at node C must

be dispatched to meet additional demand at node C. This drives the marginal price

at node C to $0.20/kWh. In this case, consuming more at node B would actually

lower the total system cost, as it would enable more demand at node C to be met

by the generator at node A. This is reflected in the marginal energy price at node B,

which is -$0.10/kWh.15 This scenario is depicted in Figure 3-5.

In this example, if energy prices are averaged, customers at node B may pay

significantly more than their cost of service, while customers at node C will pay

significantly less than their cost of service.

Imagine that IOU found it welfare improving to expand the capacity of the B-C

line by 5 MW. In this case, the beneficiaries of this investment are the generator(s)

connected to node A, the generators connected to node B, and the consumers con-

15That is, consumers would get paid for increasing consumption, and producers would pay for
increasing production.
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Figure 3-5: Substantial load growth at node C leads to dramatically different nodal
energy prices

nected to node C. Generators at node A and B benefit by selling more power. Cus-

tomers at node C benefit substantially, as the marginal price of energy falls 75% from

$0.20/kWh to $0.05/kWh. Consumers at node B pay higher prices, as the marginal

cost of service increases to $0.00/kWh during daylight hours and $0.05/kWh during

night hours.

An allocatively efficient tariff design would charge customers at node C for their

impact on future network costs, signaling the impact of customers at node C’s be-

havior on future network costs and enabling IOU to recover the costs of the B-C

line. Consumers at node B would not face such charges, as their behavior is not

driving the investment. If the costs of this upgrade were socialized to all customers

at nodes B and C, consumers at node B would pay substantially more than their

benefits would justify, while customers at node C would pay substantially less. This

is clearly not an allocatively equitable outcome.

Cost socialization could be considered allocatively equitable if all customers had

similar benefits from electricity consumption and production and similar load and
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production profiles. However, as customers begin to stratify through DER invest-

ments and other services, the assumption of customer homogeneity will be increas-

ingly problematic.

3.4 Distributional Equity

The above section demonstrated that efficient tariffs improve allocative equity (that

is, minimize the amount that one customer’s actions negatively impact other cus-

tomers). Efficient tariffs internalize the costs (or value) of consumers’ (or producers’)

decisions, eliminating cost shifts from one customer to another. However, policy

makers and regulators often use tariffs as a means to achieve distributional out-

comes (Posner, 1971). Some power sector stakeholders insist that efficient tariffs will

have undesirable distributional outcomes for some vulnerable customers, particularly

customers with low- and fixed-income. Nevertheless, today’s tariffs are allocatively

inequitable and inefficient. Thus, this argument begs three key questions, further

explored in this section:

1. Will efficient tariffs create undesirable distributional outcomes?

2. How do DERs affect the distributional impacts of today’s tariffs?

3. Are there ways to achieve desired distributional outcomes without sacrificing

allocative equity and efficiency?

The nature of residual cost recovery under efficient tariffs provides initial insight

into the distributional impacts of efficient tariffs. Ramsey cost allocation allocates

costs in inverse proportion to the demand elasticity of the customer. Given that

residual costs under an efficient tariff are recovered through fixed charges, customers

94



will only respond in one of two cases: first, if, due to wealth effects, higher fixed

charges lead to a reduction in total consumption. Thus, in short, efficient tariffs

would allocate a higher proportion of residual costs to high income customers relative

to low income customers. Second, if higher fixed charges would drive grid defection.

3.4.1 Efficient energy prices may improve distributional eq-

uity on average

The distributional outcomes of efficient tariffs will depend on the locational context,

the demand patterns of vulnerable customers in the region, and the exact struc-

ture of the implemented tariffs. Transitioning to efficient rates entails two primary

changes. First, moving from inefficient to efficient residual cost recovery mechanisms

— i.e. reducing volumetric charges and increasing fixed charges for residual cost

recovery. Second, moving from time- and location-invariant charges for marginal en-

ergy, generation capacity, and network capacity, to more time- and location-granular

charges.

The literature on efficient tariffs indicates that increasing fixed charges is likely

to lead to increased expenditures on average for low income customers, who, on

average, consume less electricity than their more affluent counterparts (see, e.g.,

Chapter 4 of this thesis, (Borenstein, 2011), or (Borenstein, 2012b)). Chapter 4 and

Section 3.4.3 of this Thesis demonstrate that the transition to efficient residual cost

recovery mechanisms need not be regressive, and can, in fact, be progressive.

On the other hand, the literature on efficient tariffs highlights that more time-

granular energy prices may not either harm low income or other vulnerable customers

on average or disproportionately harm these groups relative to high income customers

(Allcott, 2011; Faruqui et al., 2010b). On the contrary, by driving demand reduc-
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tions and DER generation during high cost hours, efficient energy price signals can

reduce power system costs for all customers, including vulnerable groups. While

efficient energy prices may not increase prices on average for vulnerable customers,

efficient energy tariffs may increase costs for some vulnerable customers. Vulnerable

customers whose demand is correlated with local and system-wide high price periods

or who are located in high cost areas will likely see higher expenditures.

However, the fact that some vulnerable customers may be worse off under efficient

tariffs — absent any intervention — need not dissuade regulators, policy makers, and

consumer advocates from pursuing efficient tariffs for at least two reasons:

1. Today’s tariffs are imperfect tools for redistribution when and where it is de-

sired. Volumetric tariffs are therefore not inherently distributionally equitable

compared to other tariff designs.

2. There are superior ways to support vulnerable customers than through flat,

volumetric tariffs.

The argument that flat tariffs aren’t distributionally equitable follows directly

from the fact that efficient energy prices do not harm vulnerable customers on aver-

age. That is, as demonstrated by Allcott (2011) and Faruqui et al. (2010b), moving

from flat to dynamic prices can benefit low-income customers on average.

While average bills for vulnerable customers may not increase under efficient

tariffs, efficient tariffs may increase month-to-month bill volatility. Increased bill

volatility can be a concern for all customers, but the challenge presented by bill

volatility may be especially acute for low- and fixed-income customers. Borenstein

(2007) and Borenstein (2005b) examine the extent of that volatility and shows that

simple hedging and payment plan options can mitigate the bulk of bill volatility. For

example, utilities can automatically provide a payment plan that allows customers
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to pay off bills over many months when bills rise to a certain percent above average.

This concept is demonstrated in Figure 3-6. In each of the cases in Figure 3-6 (that

is, in the flat, volumetric, efficient, and efficient w/ smoothing cases in Figure 3-6),

the average bill is $74 per month. In the “efficient w/ smoothing” case, in any given

month, if the customer’s bill increases above 10% of the average bill ($74), he or she

is automatically enrolled in a program to pay off the difference between the would-be

bill and 10% above $74 over time.

Figure 3-6: Illustration of customer bills under a simple volatility-smoothing payment
plan (with synthetic data)

3.4.2 DERs create distributional inequity with flat, volumet-

ric tariffs

Under today’s tariff designs, DER adoption and customer stratification is likely to

drive greater distributional inequity. This issue is explored in detail using real data

from Chicago, Illinois in Chapter 5 of this Thesis. This Section briefly introduces

the concepts. This distributional inequity stems from the fact that, under inefficient
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tariffs, DERs drive significant cost shifts as described in Section 5. The average

DER adopter tends to be significantly higher income than non-DER adopters, so

low-income customers are likely to pay higher bills as a result of these cost shifts.

In the largest review of solar owner income to date in the United States, the

Lawrence Berkeley National Laboratory found that median income of solar adopting

households is over 50% higher than the U.S. median (Seel et al., 2018). This finding

is consistent with other findings regarding the income of solar PV owners Borenstein

(2017); Vaishnav et al. (2017). EV owners also tend to be substantially wealthier than

non-EV owners Tal and Nicholas (2013); in fact, as of 2015, the top income quintile

had received 90% of electric vehicle tax credits in the U.S. (Borenstein and Davis,

2016). EV adoption is ultimately expected to drive significant investments in network

infrastructure, especially if charging is poorly coordinated (see, e.g., (Muratori, 2018;

Fernandez et al., 2011)). If the cost of this infrastructure is socialized (rather than

paid for by the individuals driving the investments in this infrastructure), low-income

customers will likely pay for network costs incurred for the benefit of high-income

customers.

The distributional impacts of flat, volumetric tariffs16 in the presence of rooftop

solar are demonstrated in Figure 3-7. The figure shows the changes in customer

bills by income quintile as the penetration of rooftop solar increases. This analysis

assumes that solar adoption in each income quintile remains at the average adoption

by quintile in the U.S. as of 2016, as described in Seel et al. (2018). That is, the 0% to

20% income quintile accounts for 7% of rooftop solar adoption; 20% to 40% accounts

for 11%; 40% to 60% for 24%; 60% to 80% for 30%; and the top income quintile for

16The tariff structure in this example is initially identical to the tariff used in Section 5.1.1:
$0.05/kWh for energy and $0.06/kWh for all residual network and policy costs. As solar penetration
decreases net consumption, the utility must raise the rate for network and policy costs to fully
recover residual costs.
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28%. This example also assumes that IOU’s fixed costs remain the same under all

solar PV penetration levels.17 As solar PV penetration grows, all income quintiles

offset some energy expenditures. However, given that solar PV adoption rates are

highest among high-income quintiles, the average bill for the bottom two income

quintiles ultimately increases, as these customers pay for the majority of residual

costs. This stems from the fact that low income customers now have higher average

net consumption (household consumption minus PV production) versus customers in

the higher income quintiles. This idea is explored in much more detail in Chapter 5.

Figure 3-7: Changes in customer bills by income quintile as rooftop solar PV grows
under flat, volumetric tariffs

By charging all residual costs to customers in the form of a fixed charge, efficient

tariffs would eliminate cost shifts from wealthy to low-income customers, improving

distributional outcomes. Similarly, tariff designs that charge future network invest-

ments to the beneficiaries of those investments improve distributional outcomes, as

17This assumption likely leads to an underestimation of distributional impacts, as the bulk of
existing research suggests that distributed solar PV more often increases rather than decreases
distribution network costs (Wolak, 2018; Schmalensee et al., 2015)
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highlighted in Section 3.3.3.

3.4.3 Achieving distributional and allocative equity

Sections 3.4.1 and 3.4.2 have demonstrated that efficient tariffs may improve distribu-

tional outcomes on average and that today’s tariffs are not distributionally equitable

to begin with. However, Section 3.4.1 showed that moving from today’s tariffs to

more efficient designs may result in higher bills for some vulnerable customers. It is

possible to support these vulnerable customers without sacrificing efficient marginal

signals. As aforementioned, an efficient tariff structure would ideally allocate resid-

ual costs in such a way as to have the minimal impact on the utility of low income

customers. However, in practice, it is extremely challenging to measure the impacts

of fixed charges on a customer’s utility, and other measures may be necessary. This

concept is explored in detail in Chapter 4.

The optimal method would be to create means-tested bill rebates for vulnera-

ble customers. In means-tested programs, the parameter of interest (e.g. income

level) is directly measured and used to determine the level of bill support.18 These

types of program should be financed through fixed charges levied on non-vulnerable

customer bills. This mechanism would maintain allocatively efficient marginal price

signals while achieving desired distributional outcomes. If regulators or consumer ad-

vocates are concerned with the feasibility of implementing means-tested programs,

rebates provided to customers in predominately low-income geographies or alterna-

tive mechanisms are possible.

As the majority of customers are likely not vulnerable, small charges to the

18One could conceive of a state-sponsored program whereby, when creating a utility account,
customers are required to provide information that enables the utility to verify income levels without
violating privacy.
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majority of customers could finance substantial bill reductions for the small set of

vulnerable customers. Figure 3-8 demonstrates this concept using synthetic data. In

this hypothetical example, small fixed charges ($2.50 per customer) slightly increase

the bill of the 80% of customers who do not qualify as vulnerable. Because vulnerable

customers represent a minority (20% of customers), these customers’ bills are reduced

substantially (by $10 per month). These charges and rebates enable nearly all low

income customers to benefit from the transition to more efficient tariffs. So long as

the increased fixed charges on non-vulnerable customers do not:

1. drive costs above customers’ incremental cost of service; and

2. cause customers to consume below what their marginal value would dictate,

there is no loss of economic efficiency.

Figure 3-8: Average Bill Following Transition From Flat to Efficient Tariffs, Before
and After Vulnerable Customer Support (synthetic data)

Some stakeholders have advocated for creating DER deployment mechanisms

targeted at low-income customers. While such programs may lower bills for par-

ticipating low-income customers, they solve none of the fundamental allocative or
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distributional equity problems described herein. A better mechanism would be to

improve the allocative efficiency of tariffs, support low-income customers through

means-tested rebates, and support targeted DER deployments for vulnerable cus-

tomers if desired.

This section has demonstrated that flat, volumetric tariffs are distributionally

inequitable, and that these inequities are likely going to be exacerbated as DER

penetration grows. This section introduced mechanisms for managing the transition

from today’s tariff regime to more efficient tariffs for vulnerable customer groups.

The next section introduces mechanisms for supporting all customers in the transition

from today’s tariff regimes to more efficient tariffs.

3.5 Transitional Equity

A tariff design change that is net welfare improving will reduce average bills while

potentially increasing bills for certain customers or customer groups (this meets the

Kaldor-Hicks criteria for a beneficial transition, as introduced in Section 3.2). As

prices become more temporally and spatially granular, customers who consume more

than average in high price hours and areas will see higher bills. An increase in fixed

charges to recover residual costs will mean a commensurate decrease in volumetric

charges. This may raise bills for customers with relatively low net consumption (ei-

ther due to low gross consumption or due to ownership of distributed generation).

These bill increases may materially affect the value of long-lived assets with substan-

tial fixed costs, like homes and solar PV plants.

Regulators and policy makers may wish to address these concerns, as, in general

customers cannot reasonably be expected to account for the potential for future tariff

design changes in their investment decision-making processes. This is generally re-
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ferred to in the natural justice literature as fairness to legitimate expectation (Rawls,

2001, p. 72). Customers may feel they have a right to compensation following the

change, given their legitimate expectation of the continuation of a previously imple-

mented tariff design. Such views also have grounds in behavioral economics; because

customers often evaluate fairness based on changes relative to a baseline, tariff design

changes that make some worse off may be viewed as unfair (Kahneman et al., 1986).

These transitional impacts are simply the result of prices becoming more aligned

with costs or value. Nonetheless, they are often conflated with allocative equity or

distributional fairness considerations.

While regulators and policy makers may wish to address these transitional chal-

lenges, these challenges are distinct from the allocative and distributional equity

issues discussed above. Distinct problems call for distinct solutions. In many ways,

the issues regulators will face in transitioning towards more efficient tariffs will mir-

ror those faced in the transition from vertically integrated to restructured markets;

however, in this case, customers, rather than utilities will own the sunk assets.

One of the key methods to alleviate transitional equity challenges is implementing

changes gradually (this is commonly referred to as gradualism). Regulators may

wish to educate customers (for example, through shadow billing) in the months or

years preceding a tariff design change. Similarly, regulators could implement a tariff

design change and fully hedge customers against the impact of that change. Over

time, regulators could reduce and eventually eliminate the hedge. This hedge would

effectively act as a transfer from customers who benefit from the change to those

who lose under the change. These transfers would ideally take the form of lump-

sum bill rebates, financed through non-distortive taxes or charges, as introduced in

Section 3.4.3. Regulators may also wish to grandfather certain assets into existing

programs (for example, solar PV systems into net metering programs). Finally,

103



regulators may wish to maintain opt-out options. For example, if regulators changed

default prices from flat, volumetric tariffs to a more efficient design, regulators could

maintain the option to opt into the old design. This option would not guarantee

that the magnitude of the flat, volumetric tariff would remain unchanged; it could

be combined with the hedging option described above in order to reduce the rate of

change.

In the long run, consumers can internalize the impacts of tariffs on their invest-

ment decisions. While this concept may seem far-fetched in the context of electric

power, there is precedent for this type of cost internalization. Similarly, consumers

buy cars and home appliances understanding the impact of fuel and electrical ef-

ficiency. Armed with appropriate information, consumers could make similar deci-

sions regarding investments in a greater array of electricity consuming or producing

goods. If companies design products that schedule energy usage to reduce energy

costs, more efficient tariffs will help concentrate the benefits of the product in cer-

tain areas; companies can more effectively advertise to customers with high value of

adoption, reducing acquisition costs. After a transition period, and with appropriate

technological enablement and education, efficient tariffs could simply be another part

of a consumer’s investment decision-making process.

Beyond the considerations of fairness with respect to legitimate expectation, reg-

ulators may seek to blunt transitional impacts in order to mitigate political economy

issues that limit the viability of more equitable prices. People who would experi-

ence higher bills under a new tariff design might lobby to keep the current design in

place, even when the current design is inefficient for society as a whole. Higher bills

or other negative outcomes (for example, lower valuations for distributed solar) are

likely to be concentrated, while the benefits of more efficient tariffs will likely be dif-

fuse (assuming a net beneficial transition with relatively evenly distributed costs and
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benefits). The converse of this is that customers may not clamor for more efficient

tariffs, as the benefits are often diffuse and opaque.

3.6 Conclusions

With improved tariff design, the transition to a more distributed power system holds

great potential to produce a more equitable, reliable, low carbon, and cost effective

power system. However, flawed tariff designs such as those in place today will en-

able customer stratification based on regulatory arbitrage. This outcome is neither

equitable, sustainable, nor desirable.

This chapter demonstrates that the tariffs necessary to enable socially beneficial

customer stratification are more equitable across many dimensions than today’s flat,

volumetric tariffs. By reducing cross subsidies of marginal costs and cost shifts of

residual costs between customers, efficient tariffs are more “allocatively” equitable.

In addition, this chapter highlights that, within a set of reasonable assumptions, it

is possible to improve the efficiency of electricity tariffs without sacrificing allocative

equity. Should regulators or policy makers wish to mitigate all potential distribu-

tional impacts, means-tested, minimally-distortionary rebate programs can protect

vulnerable customers without sacrificing efficient signals for the remaining mass mar-

ket customers. In other words, supporting vulnerable customers is not synonymous

with creating rate designs that lead to inefficient and distortionary customer strat-

ification and DER deployment. Finally, this chapter also demonstrated how tariff

designs that improve equity may create negative outcomes for certain customers in

the short term. These transitional concerns are distinct from distributional and

allocative equity issues and deserve tailored solutions.

Contrary to commonly held beliefs, today’s flat, volumetric tariffs are not inher-
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ently more equitable than efficient tariffs across many dimensions. The emergence of

DERs will only exacerbate the allocative inequities present in today’s tariffs. Transi-

tioning from today’s designs to more efficient and equitable tariffs will not be seam-

less. The benefits of efficient tariffs are diffuse, while the costs are often concentrated

to certain companies, service providers, and customer groups.

Technologies like solar PV panels, energy storage systems, and smart home de-

vices might look more like consumer electronics than traditional power system infras-

tructure. Nonetheless, their aggregate impact on the grid could be massive. These

technologies have the potential for major positive changes, creating a more efficient,

low carbon, and equitable system for all consumers. However, without bold regula-

tory action, this impact could be destructive, creating a power system that works

for certain customer strata at the expense of others. Which future is realized de-

pends on the ability of regulators and policy makers to align the benefits and costs

of DER adoption. Fortunately, such actions will create a more equitable system for

all customers.
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Chapter 4

The Efficiency and Distributional

Effects of Alternative Residential

Electricity Rate Designs

This work was performed in collaboration with Christopher Knittel, Ignacio J. Pérez-

Arriaga, Ian Schneider, and Frederik vom Scheidt.

4.1 Introduction

Residential electricity tariffs typically distort—and thus do not allow consumers to

respond to—the marginal cost of energy consumption. Rates are typically constant

across time and location, despite the fact that short-run marginal costs can vary

dramatically. As of the end of 2016, less than one quarter of one percent of res-

idential customers in the U.S. faced electricity prices that reflected the real-time

marginal cost of energy production (U.S. Energy Information Administration, 2017).
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Furthermore, the bulk of system costs1 are recovered through volumetric charges—

that is, charges per-unit of energy consumed—despite the fact that a substantial

fraction of these costs are fixed2 in the short term. More economically efficient rate

designs—enabled in part by the proliferation of smart metering infrastructure—could

substantially improve market efficiency (Borenstein, 2005a). However, the potential

distributional impacts across customer types and incomes of transitioning from to-

day’s tariffs to more efficient designs have historically impeded progress (Joskow and

Wolfram, 2012).

This Chapter examines the distributional and economical efficiency implications

of residential electricity tariffs. Using interval metering data—measuring electricity

consumption every 30 minutes—for more than 100,000 customers in the Chicago,

Illinois area, we assess the economic benefits of efficient tariffs relative to alternative

tariff designs. We then use census data to understand the demographics—i.e. income

levels—of the customers in our sample. A regulator might seek to shift from the

current tariff structure to a two-part tariff, because the two-part tariff has higher

economic efficiency. If this two-part tariff has an equal fixed charge for all customers,

we demonstrate that this shift is regressive; the change in monthly bills is larger, as

a share of income, for lower income consumers. However, we show that a two-part

tariff that bases the fixed charge on income or other measures that correlate strongly

with income can improve distributional outcomes without substantially sacrificing

1Tariffs are designed to recover all energy costs, transmission and distribution network costs, as
well as the costs of taxes, and additional regulatory and policy costs. In locations where payments
are made to support generation capacity, tariffs recover these costs as well. A large portion of non-
energy costs cannot be recovered through marginal cost pricing, and can therefore be considered
residual costs. The structure of the tariff —that is, the mix of per-kilowatt-hour, per-kilowatt,
and per-customer charges— varies widely and is typically determined by a mix of regulatory and
market-based decisions.

2As detailed in Chapter 2, the challenge of network cost recovery is not solely that network costs
are fixed. Non-convexities in the cost function and policy and regulatory intervention also present
challenges.
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economic efficiency.

The issues addressed in this Chapter are likely to increase in importance as dis-

tributed energy resources (DERs), such as rooftop solar, become more prevalent.

When located and operated appropriately, DERs can deliver substantial benefits

(Cohen et al., 2016). However, if investment and operation decisions are not aligned

with system objectives, DERs can substantially increase system costs (Schmalensee

et al., 2015). The lack of spatial variation in retail prices distorts where DERs

are placed within a network and how they are operated. In addition, remunerat-

ing transmission and distribution costs through volumetric charges over-incentivizes

solar adoption by driving a wedge between the private and social returns to solar

adoption. Adopters of some DERs, for example, rooftop solar, are able to reduce, or

eliminate, their payments for transmission, distribution, and other regulated costs,

despite the fact that these DER owners remain connected to and continue to use

the network. Given utility revenue sufficiency constraints, this leads to increases

in the transmission and distribution volumetric charges faced by other customers

(Pérez-Arriaga et al., 2016).

This can also have large distributional consequences. Because solar adoption

tends to be positively correlated with income, high-income consumers are effectively

passing on their contributions to transmission and distribution costs to lower-income

consumers. Finally, widespread adoption of renewables can lead to larger diurnal

price swings (Seel et al., 2018), exacerbating the difference between time invariant

rates and the social marginal cost of consumption.

These converging challenges have led many regulators, policy makers, consumer

advocates, and utilities to call for improved tariff designs. For example, the New York

Department of Public Service recently called for “more precise price signals...that

will, over time, convey increasingly granular system value” (New York Department
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of Public Service, 2016b). New York is not an anomaly. In 2017, regulators in 45 of

50 U.S. states and the District of Columbia opened dockets related to tariff design

or made changes to tariff design (Proudlove et al., 2018a). Similarly, in November

2016, the European Commission issued a sweeping set of rulings, with tariff design

as a centerpiece (European Commission, 2016).

The economic pressure to redesign electricity rates is countered in part by con-

cerns among policy makers and regulators of how more efficient rate structures might

impact different socio-economic groups in terms of both average bills and bill volatil-

ity (Burger et al., 2018). For example, the Massachusetts Department of Public

Utilities (MADPU), the New York Department of Public Service (NYDPS), and the

California Public Utilities Commission (CPUC) all list concerns about the distribu-

tional impacts of rates in their principles for rate design (Massachusetts Department

of Public Utilities, 2016; New York Department of Public Service, 2016a; California

Public Utilities Commission, 2018b). Distributional concerns are not unfounded.

For example, the U.S. Energy Information Administration recently found that 31%

of U.S. households struggled to pay the costs of meeting energy needs (Berry et al.,

2018). In practice, regulatory decisions highlight these concerns: in the U.S. in the

second quarter of 2018, state electricity regulators rejected over 80% of utility re-

quests to increase fixed charges, frequently citing the potential impacts on low-income

customers (Trabish, 2018; Proudlove et al., 2018a).

Our work leads us to a number of novel findings. First, we find that, holding the

proportion of fixed and volumetric charges in the tariff constant, annual electricity ex-

penditures tend to decrease for low-income customers from movements towards more

time-varying rates. However, increases in customer fixed charges tend to increase ex-

penditures for low-income customers who, on average, consume less electricity than

their more affluent counterparts. The net effect of a rate design with real-time en-
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ergy prices and uniform fixed charges for residual cost recovery is a near monotonic

negative relationship between income and changes in expenditures. Second, in our

sample, the economic distortions of recovering residual network and policy costs

through volumetric tariffs likely outweigh the distortions that emerge from charg-

ing an energy price that does not reflect the underlying time- and location-varying

cost of energy.3 Finally, we find that changes to fixed charge designs can preserve

the efficiency gains of transitioning to efficient residual cost recovery while mitigat-

ing undesirable distributional impacts. We highlight three methods for designing

fixed-charges for residual cost recovery —based on customer demand characteristics,

income, or geography— that mitigate the regressiveness of fixed charges.

The Chapter proceeds as follows. Section 4.2 provides a summary of the data

and methods used in this study. The literature review associated with the issues

addressed in this Chapter is located in Chapter 2. Section 4.3 assesses the surplus

gains and distributional impacts of moving to alternative rate designs. This section

motivates the benefits of efficient pricing, as well as the need for efficient two-part

tariff designs that avoid the distributional challenges of uniform fixed charges. Sec-

tion 4.4 demonstrates that simple mechanisms for designing fixed charges in two-part

tariffs can improve distributional outcomes—in particular, distributional outcomes

related to low-income customers. Section 4.5 summarizes and concludes.

3Borenstein and Bushnell (2018) compares the distortion created by inefficient residual cost
allocation with the the inefficiency created by the lack of meaningful prices on externalities such as
greenhouse gas emissions across the U.S. They find that these two countervailing distortions cancel
in some locations, while one dominates the other in other locations.
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4.2 Data and Methods

4.2.1 Data

The residential electricity consumption data used in this work come from Common-

wealth Edison (hereafter: ComEd). ComEd —a subsidiary of Exelon Corporation—

is one of the largest electric utilities in the U.S., serving over four million customers

in the state of Illinois (Exelon, 2018). The data contain anonymous electricity con-

sumption data for 100,170 residential customers for 2016. Electricity consumption

is reported in 30-minute intervals. All customers in the data contain complete and

clean consumption information for the entire 2016 calendar year. The data set states

each customer’s Delivery Service Class, which differentiates between Single Family

Homes and Multi Family Homes as well as between customers with Electric Space

Heat and those without. In addition, the data specify each customer’s U.S. 9-digit

zip code (“Zip+4 Code”), indicating the city block or apartment group of the respec-

tive household. For confidentiality reasons, ComEd applied a “15/15-rule” to the

data. This rule removes any customers or Zip+4 areas that:

1. contain fewer than 15 customers per Customer Service Class, or

2. contain one customer that represents more than 15% of the total consumption

of the corresponding Customer Service Class (Illinois Commerce Commission,

2014).

As the data used in this study predominately cover the densely populated regions

of Chicago, we expect that few areas will be affected by this rule. Nonetheless,

this may bias our sample towards containing relatively few areas with very large

consumers.
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Table 4.1 summarizes the breakdown of customer service classes represented in

the sample. The breakdown of single family versus multi family homes in our data

is roughly representative of the broader ComEd service territory. 61.2% of the cus-

tomers in our sample live in single family homes and 38.7% in multi family homes,

compared to roughly 58.7% and 40.2% respectively for the total ComEd service ter-

ritory (Commonwealth Edison, 2011).4 Customers without electric space heat make

up the majority of the customers in the data.

Table 4.1: Breakdown of customer service classes

Heating Type Single Family Multi Family
Number Percent Number Percent

Electric Space Heat 96 0.01% 3,987 4.1%
No Electric Space Heat 60,095 61.2% 34,017 34.6%

Electricity consumption is strongly correlated with housing type. Table 4.2 high-

lights the annual consumption in kilowatt-hours of the different customer service

classes in our sample. Customers in single family homes consume nearly twice as

much energy customers in the multi-family homes. As one would expect, electric

space heat is also a significant driver of energy consumption. The average customer

living in a multi family home with electric space heat consumes nearly twice as much

energy as the average customer living in a multi family home without.

We enrich the consumption data with corresponding 2016 socioeconomic data

from the American Community Survey (ACS) (U.S. Census Bureau, 2018a). The

smallest, most detailed geography for which ACS publishes public data is a Cen-

sus Block Group (CBG). CBGs contain 600 to 3,000 people (U.S. Census Bureau,
4Note that ComEd does not publish data on the breakdown of electric versus non electric space

heat customers in its service territory.
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Table 4.2: Breakdown of annual electricity consumption by customer service classes
(kWh)

Single Family Multi Family Multi Family-ESH Single Family-ESH
Minimum 26.56 38.61 121.92 1142.15

1st Quartile 4927.43 2236.50 5184.78 15761.78
Median 6993.93 3437.01 7657.55 18084.09
Mean 7436.61 3956.70 8536.50 19076.21

3rd Quartile 9451.34 5129.14 10804.36 22826.22
Maximum 44238.23 84726.89 37992.99 31068.12

2018b). In total, our sample contains customers in 2,315 CBGs, meaning each CBG

contains an average of 43 customers. While the primary focus of our analysis is the

impacts on customers of different income levels, we gather and assess data related

to the distribution of age, education, race, unemployment, the frequency of individ-

uals on social security (as a measure of customers on a fixed-income stream). Note

that, in 2016, the federal poverty limit for a 4-person household was $24,300 (U.S.

Department of Health & Human Services, 2018). Throughout this study, we refer

to low-income customers as those making below $25,000 per year. We estimate that

roughly 24% of the customers in our sample meet this definition of low-income.

The geographic boundaries of CBGs do not match directly with those of 9-digit

zip-code areas. We use a commercial data set—provided by Melissa Data—to match

9-digit zip areas to CBGs.5 In the course of the data merging 1,975 customers (2%)

are dropped from the set because they are lacking corresponding data in the census.

Table 4.6 in the appendices compares the demographic characteristics of the cus-

tomers in our sample with the characteristics of the broader ComEd service territory.

Note that, due to the hierarchical design of our sample—with demographic data rep-

5https://www.melissa.com/
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resented at the CBG geography—the demographic data for our customer sample are

actually the demographic data for the CBGs contained in our sample. The sample

in our analysis over represents low-income and high-income customers, and under

represents middle-income customers relative to the ComEd service territory more

broadly. Additionally, our sample over represents black and African American cus-

tomers and under represents white customers relative to the ComEd service territory.

This is consistent with our sample being predominately an urban population. Our

sample is broadly representative across all other demographic characteristics.

4.2.2 Methods

In our analysis we are interested in the average and sorted bill changes for customers

in specific income groups. We can model a bill change (∆) for a given customer

𝑖 ∈ {1, ..., 100170} and tariff 𝑟 according to ∆𝑖,𝑟 = 𝑌
′
𝑖 𝛽𝑟 + 𝜖𝑖,𝑟, where 𝑌𝑖 = 𝑒𝑗 is a

one-shot vector representing the income level, 𝑗 ∈ {1, ..., 9}, and 𝜖𝑖,𝑟 represents the

residual. For example, if 𝑋𝑖 = 𝑒𝑗 then 𝑋𝑖 is a vector of zeros with a single 1 at

location 𝑗, representing that customer 𝑖 is in income quantile 𝑗. With customer-level

data on 𝑌𝑖, we could calculate the average bill change from tariff 𝑟 by regressing ∆𝑖,𝑟

on 𝑌𝑖.

However, in our hierarchical design, we do not know the income of any individual

customer; we only know their Census Block Group. We have a frequency distribution

over income levels for each customer 𝑖’s CBG, 𝑝𝑖 = P(𝑌𝑖 = 𝑒𝑗), where 𝑝𝑖 ∈ R9

describes the probability that a random customer in customer 𝑖’s Census Block Group

has income level 𝑗, for each income 𝑗 ∈ 1, ..., 9. We assume that each customer is

randomly chosen given their CBG, so 𝑝𝑖 provides a probability distribution of incomes

for customer 𝑖.
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Our assumption, that all customers within a given CBG face the same probability

of being in any income level 𝑗, implies that factors like housing stock or consumption

profiles do not affect 𝑝𝑖. Borenstein (2012b) highlights the fact that, for example,

income and annual electricity consumption are correlated, and that using this infor-

mation can provide a more accurate estimate of 𝑝𝑖. Of course, in practice, we may

wish to use the distribution of incomes in a CBG as a prior and update this distri-

bution using additional consumption, housing, or demographic data. Additionally,

many utilities or regulators may have much more granular data on the demographics

of their customers.

We are interested in the average bill change for customers in each income level 𝑗,

represented by 𝛽𝑟, as well as the distribution of individual effects, given by 𝛽𝑟 + 𝜖𝑖,𝑟.

The formula for average bill change for a hypothetical customer of a given income

level is given by Equation 4.1, where 𝛽𝑟 ∈ R9 is a vector containing the average

impact for each income level 𝑗, and the matrix 𝑃 ∈ R100170×9 contains the vector

of probabilities that customer 𝑖 has income level 𝑗 (that is, 𝑝𝑖,𝑗). The derivation for

Equation 4.1 is provided in Appendix 4.6.2.

𝛽𝑟 =
(︁∑︁

𝑖

𝑑𝑖𝑎𝑔(𝑝𝑖)
)︁−1

𝑃
′
∆𝑟 (4.1)

In order to obtain standard errors and sorted expenditure effects, we bootstrap

the data. We stratify by CBG and randomly select 𝑀 income levels according to

the distributions of incomes in the respective CBGs. We then randomly assign a

customer from the population within the relevant CBG to this income. Customer 𝑖’s

income level during run 𝑚 is 𝑦𝑚𝑖 , and the bootstrap income matrix is 𝑌 𝑚.

We obtain the bootstrap estimate 𝛽𝑚
𝑟 by regressing the variable of interest (in

most cases, ∆𝑟) on 𝑌 𝑚, and note that 𝛽𝑟 u E𝑚[𝛽𝑚
𝑟 ]. The distribution of 𝛽𝑟 across 𝑚
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provides our confidence intervals for the average impacts. Additionally, by sorting the

∆𝑚
𝑖,𝑟 within each bootstrap run, we can obtain the sorted effects. The distribution

of ∆𝑖,𝑟 across bootstrap runs within each sorted quantile provides the confidence

intervals for the sorted impacts.

We use this method to estimate expenditure impacts across socioeconomic vari-

ables beyond income, as well as to measure other variables of interest beyond changes

in expenditures.

4.2.3 Rate Designs

In Section 4.3, we analyze the efficiency and distributional impacts of various rate

designs relative to the default tariff in the ComEd geography. The primary purpose

is to compare the efficient benchmark tariff (described below) to other commonly

proposed designs, and to motivate our discussion of equitable residual cost allocation

methods. This section briefly describes the various tariffs involved, and more detail

is provided in Appendix 4.6.3.

In our model, total utility revenue 𝑅 is equal to the sum of revenues from fixed

charges (𝐹𝑖) and variable charges for energy (𝑝𝑒𝑖,𝑡) and residual costs (𝑝𝑟𝑖,𝑡) across all

customers 𝑖 and times 𝑡: 𝑅 =
∑︀

𝑖,𝑡

(︁
𝐹𝑖 + 𝑥𝑖,𝑡(𝑝

𝑒
𝑖,𝑡 + 𝑝𝑟𝑖,𝑡)

)︁
. Where 𝑥𝑖,𝑡 is again the

demand of customer 𝑖 in time 𝑡.

We design all tariffs to be revenue neutral in residual (network and policy) costs

compared to the default tariff. We allow the total quantity of energy costs recovered

to vary in the scenarios in which customers respond to prices (described more in

Section 4.3), as a reduction in consumption leads to a reduction in the total cost

of producing energy. Revenue neutrality in network and policy costs is critical, as
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these costs must be recovered, regardless of the total quantity of energy purchased.6

In practice, if any network or policy costs were under recovered in a given year,

these costs would most likely be recovered in a future year. Thus, any apparent cost

savings resulting from lower overall network or policy cost recovery would simply be

an inter-temporal shift, and not a true cost saving. We focus on tariff designs that

have garnered significant attention by utilities, regulators, and academics.

First a note on externalities. In this Chapter our primary focus is on the impacts

of alternative mechanisms of residual and energy cost allocation on certain socioe-

conomic groups. While externalities are clearly important in the electricity sector,

given the lack of momentum for pricing those externalities, we ignore the impacts

of externalities in each of our tariff specifications. Certain tariff designs may lead to

an increase in emissions (see, for example, Holland and Mansur (2008)’s analysis of

the emissions impact of real-time pricing). Inclusion of externalities might slightly

exacerbate or mitigate the impacts modeled in our Chapter.

Default-Flat

The default tariff in the ComEd footprint—serving 95.8% of residential customers

as of the end of 2016—is comprised of a flat, time- and location-invariant volumetric

charge of roughly $0.10/kilowatt-hour (kWh) and a small fixed, per-customer charge

of roughly $10 to $14 per month. The default tariff differentiates between customers

of different Delivery Service Classes (e.g., residential or industrial customers); prices

change slightly throughout the year to reflect changes in the total sum of energy,

6The ”regulatory compact” between the regulator and the regulated utility has historically lead
to conditions in which utilities recover all costs, even in circumstances of “stranded” costs (Sidak
and Spulber, 1996). While there is legal precedence for not allowing the recovery of “stranded”
costs, in the majority of cases, all network and policy costs are ultimately recovered by utilities.
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network, and policy costs to be recovered.7 Throughout this Chapter we refer inter-

changeably to this tariff as the flat or default tariff.

The default tariff distinguishes between energy charges, transmission services

charges, distribution facilities charges, metering and customer charges, and policy

charges related to taxes, energy efficiency programs, and other environmental pro-

grams. Using the customer load profiles and the tariff data retrieved from the Illinois

Commerce Commission, we compute the total costs to be recovered in three cate-

gories: energy (containing the energy charges), network (containing transmission

services, distribution facilities, metering, and customer charges), and policy and reg-

ulatory costs (containing all other charges). The total costs and the structure of the

charges under the default tariff are presented in Table 4.3. We compute the costs

in Table 4.3 by multiplying customer consumption profiles by the corresponding

volumetric charges (that is, the energy, transmission services, distribution facilities,

and policy and regulatory charges), and adding in the corresponding customer fixed

charges (that is, the customer and metering charges).8

Table 4.3: Costs and tariff structure under the default tariff

Total Energy Distribution Transmission Policy and otherDistribution Facilities Customer Metering
$/kWh $/kWh $/customer $/customer $/kWh $/kWh

$78,024,552 $31,990,302 $19,510,770 $10,671,363 $5,255,667 $7,645,008 $2,951,442

Average annual expenditures and 95% confidence intervals for these average ex-

penditures under the Flat ComEd tariff are depicted in Figure 4-1. Figure 4-1 makes
7The rates are determined according to formulas approved by the Illinois Commerce Commission

(Commonwealth Edison, 2016).
8In our analysis we assume that all customers begin on the flat default rate. This should not bias

the numbers in Table 4.3, as all of ComEd’s tariffs are designed to be revenue neutral. However,
this assumption likely slightly overstates the potential consumer surplus and efficiency gains from
a transition to more time-granular pricing schemes. The impact of this is likely small given the
relatively small number of customers currently facing time varying rates. The results presented in
section 4.3 can be considered upper bounds on the overall impact.
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it clear that, under the default tariff, customers in the lowest income bracket pay less

in annual electricity bills than do higher income customers. This trend holds true

when controlling for housing type (that is, single family versus multi-family home,

electric space heat versus non-electric space heat). This is driven almost exclusively

by the fact that, in our data, low-income customers consume less energy on aver-

age than higher income customers. This finding is consistent with other studies (for

example, Borenstein (2012b)) as well as with other data sources that track the re-

lationship between average household energy consumption and income (U.S. Energy

Information Administration, 2015). The confidence intervals on the mean impact are

quite wide, reflecting both the variance in expenditures across income groups and

the uncertainty in the assessment of which customers are in which income bracket.

We observe high variance in expenditures in areas with low median incomes and

high concentrations of low-income customers. Nonetheless, the mean expenditures

from the lowest income bracket are statistically significantly different from the mean

expenditures of all customers making more than $35,000 per year.

For the purposes of this analysis, we assume that all network and policy costs are

residual and must be recovered. While network costs are driven in the long run by the

need to develop network infrastructure to meet peak injections and/or withdrawals,

the costs of existing network infrastructure largely do not change in the short term

with the amount of energy consumed or produced (Borenstein, 2016).

Flat tariff with non-coincident peak demand charge: Flat-NCDC

Under the flat tariff with a non-coincident peak demand charge (“Flat-NCDC”), the

volumetric charges for energy and policy costs and the fixed charges remain the same

as under the default tariff. However, under the Flat-NCDC design, distribution facili-
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Figure 4-1: Annual electricity expenditures under the Flat (default) ComEd tariff

ties and transmission costs are recovered via a charge applied to each customer’s peak

demand in each month, regardless of when this demand occurs (the revenue-neutral

charge is roughly $3.735 per kilowatt). Thus, the Flat-NCDC tariff is identical to

the default tariff in all ways but network cost recovery. See Appendix 4.6.3 for more

detail.

Critical Peak Price tariff: CPP-10

The “CPP-10” tariff comprises a fixed charge identical to that under the default tar-

iff, combined with a volumetric “critical peak price” designed to reflect the periods of

peak price in the ComEd system. In typical critical peak pricing programs, off-peak
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prices are constant or varying according to a deterministic time-schedule; peak price

periods are announced some time—commonly 24 hours—ahead of the “event period”

(for many design characteristics, see U.S. Department of Energy (2016)). In our

design, the off-peak price is $0.0825/kWh, and the peak price is $0.825/kWh for all

customers, leading to a peak to off-peak ratio of 10. We hold fixed customer and

metering charges identical to those in the default flat tariff. Consistent with exist-

ing critical peak pricing programs, we choose 18 event periods, all lasting between

3:00PM and 9:00PM. The event days are chosen based on the 18 highest electricity

price days for the ComEd load zone in 2016.

The CPP-10 and RTP-Volumetric rate (described below) are designed to have

the same average volumetric rate as the default flat rate. See Appendix 4.6.3 for

more detail.

Real-time price tariff with volumetric network cost recovery:

RTP-Volumetric

The RTP-Volumetric tariff charges the hourly locational marginal cost of energy at

the ComEd load zone, and recovers all distribution facilities, transmission services,

and policy and tax costs through a volumetric rate. Customer and metering charges

remain fixed as under the default tariff. Recovering residual costs through volumetric

charges distorts the marginal price signal that network users see. Nonetheless, we

include this case to align with previous studies that have considered such volumetric

cost recovery for residual costs (Borenstein, 2005a, 2012b, 2013).

The CPP-10 and RTP-Volumetric tariff differ from the default flat tariff only in

the time granularity of the energy price signal and the connection to wholesale energy

prices. Contrasting the results of the CPP-10 and RTP-Volumetric tariffs with those
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of the Flat tariff allows us to understand the impacts of passing on increasingly

efficient energy price signals while holding all else equal. See Appendix 4.6.3 for

more detail.

Real-time price tariff with coincident peak capacity charges: RTP-CCC

The final tariff in our study, the real-time price tariff with a coincident capacity

charge (the “RTP-CCC tariff”), is our benchmark economically efficient tariff. The

RTP-CCC rate charges the hourly locational marginal price of energy at the ComEd

load zone. The tariff recovers all network and policy costs through a fixed charge.

Finally, we include a charge coincident with the PJM system peak intended to reflect

a customer’s contribution to future generation capacity costs. We briefly introduce

the RTP-CCC tariff here; please see Appendix 4.6.3 for more detail.

The volumetric energy charge in the default ComEd tariff generates roughly 14.5%

more revenue than the sum of revenues from the real-time energy prices and the

coincident capacity charges. This is due to the fact that the default energy price

charged by ComEd recovers a number of non-energy costs, including but not limited

to the risk premium for charging a flat price, and the costs of PJM capacity charges

from previous years. We recover these costs in all tariffs. In the RTP-CCC tariff, we

assume these costs are residual and recover them through a fixed charge. Capacity

costs from previous years are residual, as changes to customer load profiles do not

impact ComEd’s need to pay these costs. However, passing along the real-time price

of energy would eliminate risk premium, so classifying these costs as residual slightly

overstates the total amount of residual costs.

Figure 4-2 provides an overview of the structure of the tariffs introduced above.

For example, we see that under the default tariff, all customer and metering costs are
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recovered through a fixed charge (the black fill), while all other costs are recovered

through volumetric charges (the dark gray fill).

Figure 4-2: Breakdown of costs under the tariff designs in this study

In Section 4.3, we explore tariff impacts under the premise that all residential

customers face identical fixed charges for residual cost recovery. In Section 4.4, we

describe alternative fixed charge designs and explore their economic underpinnings

and impacts.

4.3 Estimating bill and consumer surplus impacts

from efficient retail tariffs

To understand the impacts and relative efficiency of the tariffs introduced in Sec-

tion 4.2.3, we compute customer expenditure and volatility impacts under three
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different cases. First, we compute customer bills assuming no price response from

consumers—demand has an elasticity of zero. In the zero-elasticity case, all ex-

penditure changes are simply transfers between customer groups and bill changes

reflect changes in consumer surplus. In addition, because demand is perfectly in-

elastic, there is no inefficiency (deadweight loss) from mis-pricing hourly electricity

prices. When demand elasticity is not zero, changes in hourly prices will lead to

changes in consumption levels and bill and consumer surplus changes will no longer

be equivalent. The presence of demand elasticity also implies that mis-pricing leads

to efficiency losses and a move toward more efficient pricing can, in principle, increase

the consumer surplus of all consumers. This is especially true given the presence of

volumetric transmission and distribution charges since the average hourly (marginal)

price will be too high. We compute expenditure and consumer surplus impacts for

two cases with non-zero elasticity to gauge the importance of consumer response.

4.3.1 Zero-elasticity case

Figure 4-3 illustrates the the calculations of expenditure changes in the transition

from the flat default tariff to a real-time price tariff. The left panels (subfigures

(a) and (c)) show the change in expenditures in the case in which the elasticity of

demand is zero, while the right panels (subfigures (b) and (d)) show the change in

expenditures in the cases in which the elasticity of demand is greater than zero (ex-

plored further in subsequent sections). While the private marginal cost that each

customer faces (i.e. the volumetric charge) is only equal to the short-run marginal

cost in the RTP-CCC tariff, the same concepts depicted in Figure 4-3 hold for the

Flat-NCDC, CPP-10, and the RTP-Volumetric tariffs. That is, when the marginal

price falls below the flat tariff, bill change is calculated as shown in Figures 4-3(a)
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(a) Off peak demand (𝜖 = 0) (b) Off peak demand (𝜖 > 0)

(c) Peak demand (𝜖 = 0) (d) Peak demand (𝜖 > 0)

Figure 4-3: Illustration of bill change in the transition from flat default to real-time
price tariff

and (b), and when the marginal price rises above the flat tariff, bill change is calcu-

lated as shown in Figures 4-3(c) and (d). In addition to computing the changes in

expenditures due to changes in the volumetric rate, we also calculate the changes in

expenditures resulting from changes in fixed or demand-based charges.

Figure 4-4 shows the average change in annual expenditures relative to the default

tariff for all of the tariffs in the zero-elasticity case. The figure also includes the

95% confidence intervals on the average change for each tariff and income group.

Negative changes correspond to a decrease in expenditures under the tariff relative

to the flat tariff, while positive changes correspond to an increase in bills. The RTP-
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CCC tariff creates the largest overall distributional impacts, with monotonically

decreasing expenditure changes as income increases. Two tariffs keep the same fixed

charges as under the default tariff, and change only the time granularity of the

volumetric price signal: the CPP-10 and RTP-Volumetric tariffs. Transitioning to

these tariffs benefits low-income customers on average in our sample, highlighting the

fact that increasing the time granularity of the energy price signal will not inherently

negatively impact low-income customers. Instead, it is RTP-CCC’s increase in fixed

charges (and decrease in average volumetric charge) that has negative impacts on

low-income customers. No income group under the demand charge tariff—Flat-

NCDC—has an average effect statistically distinguishable from zero.

Figure 4-4: Change in annual expenditures by tariff and income level, zero-elasticity
case
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The drivers of the impacts seen in Figure 4-4 vary by tariff. We explore these

drivers using simple linear regression analysis in Appendix 4.6.4.

Figure 4-5 shows the coefficient of variation (CV) of monthly expenditures for all

of the tariffs analyzed in this study, including the Flat (default) tariff. The CV can

be interpreted as the deviation from the mean for roughly two-thirds of the bills and

measures bill volatility across the different tariff designs. For example, a CV of 0.4

implies that roughly two-thirds of the bills—or 8 months-worth of bills—are within

40% of that customer’s mean bill. The CV of the default tariff is extremely low

across all income levels, implying that bills are relatively consistent throughout the

year for most customers. All designs except the Flat-NCDC design increased CVs,

as expected with an increase in time variability. In addition and perhaps counter-

intuitively, the inclusion of a demand charge in the Flat-NCDC tariff had only a minor

impact on the average month-to-month bill variation. The RTP-CCC tariff creates

the largest CVs, implying the greatest month-to-month variability in customer bills.

Perhaps counter-intuitively, CVs are lowest for low-income customers under the RTP-

CCC tariff, despite the fact that low-income customers see bill increases on average.

This stems from the fact that the dominant driver of bill increases for low-income

customers is the increase in fixed charges, which do not change from month-to-month.

While price volatility—and the resulting month-to-month expenditure volatility—

is a concern for many customers and the regulators and advocates that represent

them, we focus primarily on aggregate customer expenditures for the remainder of

the Chapter. There are many methods to hedge bill volatility (Borenstein, 2007,

2005b). Among them, contracts for differences and other types of option contracts

maintain the efficiency of marginal price signals while providing protection. Other

types of payment plans—such as those already offered by many utilities today—can

also alleviate the potential impacts of unexpectedly high bills in a given month. One
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Figure 4-5: Coefficient of variation of monthly expenditures, zero-elasticity case

example, detailed in Borenstein (2005b), is to automatically enroll customers with

unusually high costs in given month into a payment plan. Such “spark loans” are

one of many proposals for mitigating month-to-month expenditure volatility that

maintain efficient marginal incentives.

4.3.2 Price elasticity and change in consumer surplus

In addition to the zero-elasticity case, we model two cases for price elasticity. Consis-

tent with the existing literature (for example, Borenstein (2005a)), we consider only

own-price elasticity and do not consider cross-price elasticity. Additionally, con-

sistent with existing literature, we assume no customer response to non-coincident
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peak-demand charges (see, for example, Mays and Klabjan (2017)). In this sense, we

can consider the Flat-NCDC tariff to be a tariff in which a fixed charge is allocated

to customers based on their peak demand in each month.

Empirical estimates of the price elasticity of customers vary widely and depend

on a variety of factors including time of day, season, availability of information, and

level of automation. We consider two values for own-price elasticity: one value on

the low end of the range of empirically measured elasticities (-0.1), and one value on

the high end of the range (-0.3). We model price response according to Equation 4.2.

For RTP-CCC and RTP-Volumetric, a few hours of nonpositive prices occur in 2016.

For these cases we manually set a very low positive price, i.e. 10−7 to guarantee

mathematical applicability of the formula. This leads to relatively large (roughly 4x)

increase in demand over baseline during negative price hours.

𝑥′
𝑖,ℎ = 𝑥𝑓𝑙𝑎𝑡

𝑖,ℎ

(︃
𝑝′ℎ
𝑝𝑓𝑙𝑎𝑡ℎ

)︃𝜖

(4.2)

In all of our demand response cases, we maintain revenue neutrality for all net-

work and policy costs. We do not maintain revenue neutrality in energy costs, as

a reduction or increase in demand in one time period corresponds to a reduction

or increase in energy production costs. Residual network and policy costs, however,

do not decrease with volume of consumption. Following the calculation of demand

using Equation 4.2, we compute the deviation from the total required network and

policy revenue. We then increase or decrease fixed charges accordingly, and recal-

culate all expenditures.9 All results presented below are of expenditures following

tariff rebalancing.

9Rebalancing with fixed charges will, of course, have distributional impacts. However, given the
relatively small magnitude of the charges required by rebalancing, this impact is minor compared
to the impacts of the transition from one tariff design to another.
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Figure 4-6 illustrates the change in consumer surplus and efficiency (dead weight

loss) that emerges from the transition from the flat to the RTP-CCC tariff. As

depicted in the graphic we assume demand curves to be linear. Note that in the

zero-elasticity case, the change in consumer surplus is equivalent to the change in

expenditures, as there is no change in efficiency. Thus, in the zero-elasticity case,

changing the tariff affects only the distribution of consumer surplus, and not the

total quantity of consumer surplus. We subtract any changes in fixed or demand

charges from the consumer surplus change depicted in Figure 4-6 to arrive at our

final estimate of consumer surplus change.

Figure 4-6: Illustration of consumer surplus and efficiency change in the transition
from the flat default to the real-time price tariff

Table 4.4 displays the aggregate consumer surplus change in the transition to

each of the four tariffs assessed. Table 4.8 in Appendix 4.6.1 contains the mean

per-customer change in consumer surplus and the 95% confidence intervals on the

mean impact for each socioeconomic group for the high elasticity case. As expected,

we see the largest aggregate gain in consumer surplus under the RTP-CCC tariff.

Table 4.8 highlights that all socioeconomic groups benefit on average in every

tariff, but for the Flat-NCDC, CPP-10, and RTP-Volumetric cases, some individual
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customers in each socioeconomic group experience losses in surplus. Under the RTP-

CCC tariff, we see substantial surplus gains, with average per-customer surplus gains

between 28% and 48% of annual expenditures for different socioeconomic groups (in

the high elasticity case). This is an important point. While the policy debate often

focuses on bill changes assuming no demand elasticity, this shows that this can

be misguided; consumers whose bills might be projected to increase, assuming no

demand response, may in fact benefit from the tariff change once demand response

is accounted for.

Perhaps less intuitively, we see substantially larger consumer surplus gains under

the Flat-NCDC tariff than we do under the CPP-10 and RTP-Volumetric tariff. This

stems from the fact that, under the Flat-NCDC and RTP-CCC tariffs, a substantial

portion of residual costs are removed from the volumetric portion of the tariff. The

volumetric portion of the tariff is thus much closer to the actual marginal cost of

energy much more often under the Flat-NCDC tariff than under the CPP-10 and

RTP-Volumetric tariffs. This implies that the distortion arising from the recovery of

residual network and policy costs through volumetric rates is likely larger than the

distortion arising from the fact that the energy component of the flat default tariff

does not reflect the time- and location-varying marginal cost of energy.

Our discussion above focuses only on changes in consumer surplus; we do not

calculate change in social welfare because we leave the discussion of environmental

externalities outside the scope of the current accounting. As highlighted by Boren-

stein and Bushnell (2018), the cost of environmental externalities may roughly equal

volumetric residual charges in the Chicago area implying that the average marginal

price may be closer to the optimal marginal price when transmission and distribution

are remunerated through a volumetric charge. Nonetheless, if an emissions surcharge

were efficiently applied to all tariffs, we would still expect to see a tariff with effi-
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cient network cost allocation be closer to the social marginal cost than a tariff with

inefficient network cost allocation.

Table 4.4: Aggregate change in consumer surplus by tariff

Elasticity Case Flat-NCDC CPP-10 RTP-Volumetric RTP-CCC
𝜖 = -0.1 $983,429 $445,683 $125,181 $10,036,693
𝜖 = -0.3 $3,130,361 $1,478,859 $390,054 $29,237,459

As we would expect, the primary effect of increasing the elasticity of demand is to

increase the number of customers who benefit from the transition to a more efficient

tariff. Figure 4-7 highlights the consumer surplus change for customers in the lowest

income bracket (<$15,000 per year) under the RTP-CCC tariff for the three elasticity

cases. A positive change is an increase in consumer surplus, while a negative change

is a decrease. The shaded regions in the plot are the 95% confidence intervals for

the ranked effects. The consumer surplus change in the zero-elasticity case is equal

to the change in expenditures. In the zero-elasticity case, between 60% and 68%

of customers making less than $15,000 per year see their bills increase under the

RTP-CCC tariff with uniform fixed charges. However, as consumers become more

elastic, we see that average changes in surplus relative to the Flat default tariff begin

to be positive. This leads to an interesting insight: while conversation surrounding

tariff design change tends to focus on changes in expenditures, a better focus may

perhaps be on changes in consumer surplus.

In practice, customers will have a distribution of elasticities, rather than a single

value as modeled here. Thus, in practice, while the average elasticity across all

customers may lead to an average net gain in consumer surplus, some customers

may still see negative changes in surplus.
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Figure 4-7: Change in consumer surplus in the transition from the Flat to RTP-CCC
tariff
Annual income: Less than $15,000

4.4 Mitigating bill impacts with progressive fixed

charges

Section 4.3 demonstrates that transitioning to a retail tariff that more accurately

reflects the marginal cost of consumption—the RTP-CCC tariff in our design—would

create substantial consumer surplus gain relative to other design options. However,

in Section 4.3, we naively charge every residential customer the same fixed, per-

customer charge for residual cost recovery, regardless of the customer’s socioeconomic

status, consumption, or any other variable. This approach to allocating residual costs
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creates substantial distributional concerns. Some socioeconomic groups benefit far

less than others in the transition to the RTP-CCC tariff with uniform fixed charges.

Low-income customers are particularly impacted, experiencing annual expenditure

increases of roughly $30 on average, with some customers experiencing substantially

larger expenditure increases (see Figure 4-7). Even in a scenario with negative or

zero average expenditure changes, we may still want to protect against substantial

bill increases for vulnerable customer groups.

When moving to an efficient rate design, one pathway for mitigating undesired

distributional impacts is to utilize or enhance existing programs for lowering en-

ergy costs for low-income customers. The two primary existing programs in the

ComEd service territory, the federal Low-Income Home Energy Assistance Program

(LIHEAP)10 and the ComEd CARE11 programs are need-tested. That is, customers

must demonstrate need by providing proof of a qualifying income level or proof of

enrollment in another need-tested support program (such as the Supplemental Nu-

trition Assistance Program). However, need-tested programs often receive very low

enrollment due to a variety of reasons. In 2012, only 22% of individuals eligible

for LIHEAP nationwide actually received support under the program (Falk et al.,

2015). Eligibility for ComEd’s CARE program requires enrollment in LIHEAP, so

enrollment among eligible customers is likely low. As a result, these programs are

often overlooked when considering new tariff designs; regulators are understandably

skeptical of the ability of these programs to mitigate concerns affecting low-income

customers.

However, based on the principles of monopoly cost recovery, and as discussed in

detail in Chapter 2, a wide range of fixed charges are approximately economically

10www.LIHEAPIllinois.com
11www.comed.com/MyAccount/CustomerSupport/Pages/ResidentialHardship.aspx
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efficient. This insight opens the door to bill protection mechanisms for vulnera-

ble customer groups that capture all—or the vast majority—of the benefits of the

economically efficient tariff options discussed in Section 4.3.

In this section, we illustrate three different methods for recovering residual costs

through fixed charges. We demonstrate that these methods can mitigate many of

the distributional impacts of moving towards more efficient tariff designs.12 Because

these methods enable network cost recovery while preserving marginal cost signals,

they maintain the efficiency benefits of the RTP-CCC tariff explored in Section 4.3.

In the presence of wealth effects, wherein low-income customers change their demand

functions in response to changes in fixed charges, progressive pricing mechanisms may

be more efficient than a uniform fixed charge approach.

We explore several methods for progressive fixed charges. First, we explore fixed

charges based on historical consumption data that correlate with income. We then

explore fixed charges based directly on customer income. Finally, we explore fixed

charges based on geographical information. The three designs we highlight have

different tradeoffs. In practice, the design chosen for a given geography will need to

be tailored to the regulatory and stakeholder objectives and the available data.

While we focus here on designing fixed charges to mitigate distributional impacts,

regulators could use the same data and methods described here to accomplish any

number of regulatory goals. For example, regulators could set fixed charges to achieve

“gradualism” or “rate stability.” Such charges would be designed to minimize the

bill changes that any customer experiences, regardless of income or other variables

(Burger et al., 2018).

12We refer broadly to the mechanisms explored here as “progressive pricing” mechanisms, as the
underlying impact in each case is to mitigate the additional burden of transitioning to efficient
tariffs created by uniform fixed charges.
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4.4.1 Progressive fixed charges based on customer demand

characteristics

Many customer consumption characteristics correlate strongly with income. Ta-

ble 4.5 presents the average value for different consumption characteristics at each

income level, normalized to the value associated with the lowest income group (com-

puted according to the method described in Section 4.2.2).13 The non-normalized

data are presented in Table 4.9 in Appendix 4.6.8. For example, customers in the

highest income bracket have, on average, 29% higher annual peak demand than cus-

tomers in the lowest income bracket. The variables that are most predictive of income

may vary across geographies.

Table 4.5: Average Profile Variables by Income

Income ($1,000 USD)
Average
Monthly

Consumption

Annual
Peak

Demand

Peak-To-
Off-Peak

Ratio

May
Peak

Demand

June
Peak

Demand

July
Peak

Demand

August
Peak

Demand

Consumption:
5:30PM-
6:00PM

Consumption:
6:00PM-
6:30PM

Consumption:
6:30PM-
7:00PM

<$15 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
$15 – $25 1.07 1.03 0.95 1.05 1.06 1.05 1.05 1.08 1.08 1.08
$25 – $35 1.10 1.06 0.95 1.09 1.09 1.09 1.09 1.12 1.12 1.11
$35 – $50 1.12 1.09 0.95 1.12 1.13 1.13 1.12 1.15 1.15 1.15
$50 – $75 1.14 1.13 0.97 1.17 1.17 1.17 1.16 1.18 1.18 1.18
$75 – $100 1.18 1.17 0.97 1.22 1.22 1.22 1.21 1.23 1.23 1.23
$100 – $125 1.20 1.19 0.97 1.25 1.26 1.25 1.25 1.26 1.26 1.26
$125 – $150 1.21 1.21 0.98 1.27 1.28 1.27 1.27 1.28 1.28 1.27
>$150 1.25 1.29 1.02 1.36 1.35 1.34 1.33 1.32 1.33 1.32

Regulators wishing to create more progressive fixed charges may exploit these

demand characteristics. That is, fixed charges could be designed based on these

characteristics. In order to avoid customer responses to the fixed charges —and

thus decreasing the efficiency of the tariff— the fixed charges must be held constant

13Peak-to-Off-Peak ratio is the ratio of the customer’s peak demand over the entire year to the
customer’s average half-hourly consumption. The various monthly peak demands correspond to
the peak demands in the specified month. Finally, the consumption data in different time slots
(e.g. “Consumption: 6:00PM-6:30PM”) correspond to the consumption during the specified time
slot, summed over the entire year. These demand characteristics are chosen due to their strong
correlation with income.

137



for some period of time.14 Given that network costs are driven in the long run by

coincident peak demand, charges determined according to a customer’s coincident

peak demand are likely to be more well aligned with regulatory objectives of cost-

causality.

Figure 4-8 compares the average bill change for customers of different income

levels under two different fixed charge scenarios. In the RTP-CCC tariff, fixed charges

are uniform across all customers, as presented in Section 4.3. The marginal prices

under the RTP-CCC-APD tariff are identical to the RTP-CCC tariff. However,

fixed charges for residual cost recovery are determined according to the customer’s

annual peak demand (APD stands for “annual peak demand”).15 Given the strong

correlation between a customer’s peak demand and income, the RTP-CCC-APD is

substantially more progressive than the RTP-CCC tariff.

This structure is similar to contracted capacity tariffs used in locations like France

and Spain today.16 However, demand subscriptions assessed annually allow cus-

tomers to lower their contributions to residual costs by changing their peak demand.

Fixed charges based on demand characteristics have the benefit of simplicity.

However, they face two primary drawbacks. First, if updated frequently to reflect

changes in demand characteristics, such fixed charges could effectively mimic the

inefficient incentives created by marginal charges for residual cost recovery.17 Second,

14That is, a fixed charge based on historical consumption would need to be held constant for, for
example, ten years following the implementation of the fixed charge. The longer this time period,
the lower the customer response to the fixed charge is likely to be. Regulators could update the
customer fixed charges based on a rolling average of the customer demand characteristic of interest
(for example, the average annual peak demand over the past 10 years). If fixed charges based on
demand characteristics are updated frequently, customers would face inefficient incentives to modify
their consumption and production decisions to modify their residual cost payments.

15Each customer’s monthly fixed charge is determined by multiplying the customer’s peak demand
over the year by $8.90 per kilowatt.

16See, for example, Électricité de France’s Tarif Bleu (Électricité de France, 2018)
17For example, in the case presented here, if the fixed charge is changed annually, a customer
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Figure 4-8: Change in annual expenditures under the RTP-CCC and the RTP-CCC-
APD tariffs, zero-elasticity case

while low-income customers may benefit on average from such charges, some low-

income customers may experience higher expenditures.

4.4.2 Progressive fixed charges based on customer income

Rather than determining fixed charges according to customer demand characteristics,

regulators may wish to design fixed charges based directly on income. Such mecha-

could install a battery in year one to reduce their peak and avoid residual cost payments in year
two and onward. As noted earlier, for this type of fixed charge to be effective, the charge would
need to be held constant for some extended period of time, or based on a long time-horizon rolling
average of demand.
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nisms could replace or complement existing bill protection programs such as CARE.

We highlight two potential methods for designing progressive fixed charges based

on income. First, we examine a method in which low-income customers are pro-

vided discounted fixed charges, financed by higher fixed charges for non-low-income

customers. Second, we examine a method in which changes in expenditures for low-

income customers are capped (hedged) through discounted fixed charges. We refer

to both fixed charge discounts and hedges as “bill protections” for simplicity.

The data used in this analysis do not contain customer-level income data, as

discussed in Sections 4.2.1. In order to explore income-based discounts and hedges,

we assume that each customer’s income is equal to the median income in the Census

Block Group in which the customer lives.18 In practice, customer-level income data

could be obtained through credit agencies, means-testing, or other sources.

Under both the hedging and fixed charge regimes, the expected impact of the

program can be tuned to produce the desired level of protection. That is, the max-

imum change in expenditures (e.g. 10%) and the number of vulnerable customers

experiencing the specified bill change are decision variables.

For example, Figure 4-9 shows the percent of low-income19 and non-low-income

customers that experience bill changes greater than 10% in the transition to the RTP-

CCC tariff as a function of the fixed charge for low-income customers. With fixed

charges for low-income customers equal to roughly $13.30 per-customer per-month,

or roughly 33% of the magnitude of the fixed charges for non-low income customers

(roughly $40.39 per-customer per-month), no low-income customers experience bill

18This is a common simplifying assumption made in many analyses that leverage census data, as
noted by Borenstein (2012b).

19We define low-income customers as customers in Census Block Groups with median incomes
less than $25,000 per year. The federal poverty limit for a family of four in 2016 was $24,300 per
year.
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increases greater than 10%. Intuitively, the impact on non-low income customers

is relatively small, as non-low-income customers vastly outnumber low-income cus-

tomers in our data. In this case, the fixed charge for non-low-income customers

increases from roughly $38.30 per-customer per-month (under the RTP-CCC tariff

with uniform fixed charges) to $40.39 per-customer per-month.

Figure 4-9: Bill change as a function of fixed charge: Transition from the flat to the
RTP-CCC tariff, zero-elasticity case.

An alternative method would be to provide hedges that cap the bill changes ex-

perienced by vulnerable customers. These hedges could be financed through higher

fixed-charges on all other customers. Figure 4-10 shows one example of such a mech-

anism for the zero-elasticity case. Figure 4-10 highlights the limited expenditure

impacts that such bill caps could have on non-hedged customers. While progres-

sive hedges create lower overall cost impacts on non-low-income customers relative
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to low-income discounts20, they do not provide efficient marginal incentives for all

customers.21

Figure 4-10: Progressive hedging example, zero-elasticity case.

4.4.3 Progressive fixed charges based on geography

In practice, regulators and utilities may not know customer incomes, and may need to

use alternative data sources to determine the appropriate fixed charge. Section 4.4.1

highlights how regulators could use demand characteristics, but regulators may also

wish to use other observable information that correlates with income, such as home

size or value.22 Here we explore the use of geographical and census data—specifically,
20Fewer customers receive fixed charge discounts, as discounts are only provided to the subset

of customers that would otherwise face bill increases. Thus, the total cost to be recovered from
non-low-income customers is lower than under the discount method.

21A customer that expects to see a bill increase relative to the flat default tariff has no incentive
to consume efficiently if his or her bill is capped.

22There is long standing precedent for using information such as home size in designing efficient
and equitable two-part tariffs (Lewis, 1941).
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the characteristics associated with a customer’s Census Block Group—to determine

whether or not a customer receives bill protection.

Of course, no proxy variable will be perfect. Figure 4-11 shows the magnitude of

type 1 and 2 errors created when using customer geography and the income char-

acteristics of the customer’s Census Block Group to determine eligibility for bill

protection. Type 1 errors refer to non-low-income customers that receive bill protec-

tions that are intended for low-income customers. Type 2 errors refer to low-income

customers that are eligible for bill protections but that do not receive them. In Fig-

ure 4-11, the threshold for protection is the percent of customers in a given Census

Block Group with income below $25,000 per year. Intuitively, when the threshold

for protection is that 0% of customers in a given CBG are low-income, 0% of low-

income customers are overlooked, and 100% of non-low-income customers are also

protected. Similarly, when the threshold for protection is that 100% of customers in

a given geography are low-income, 0% of low-income customers receive protection,

as no CBG is comprised entirely of low-income customers. As noted, LIHEAP has

historically had a Type 2 error rate of roughly 78%. In this example, if the threshold

for bill protection was that 50% of customers in a given geography were low-income,

the Type 2 error rate would be roughly equivalent to LIHEAP, and the Type 1 error

rate would be less than 10%.23

23It is worth noting that geographically-based fixed charges could ultimately be reflected in rents
or land values, as low-tariff regions could be more desirable. This would mitigate the benefit of a
geography-based approach.
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Figure 4-11: Type 1 and 2 errors in using Census Block Group data to determine
bill protections

4.5 Conclusions

The emergence of DERs has brought tariff design to the fore of regulatory issues

globally. There is now broad acceptance that rate designs must be updated to bet-

ter reflect the underlying cost of service for different customers. Such tariffs would

reflect the time and location-varying marginal cost of energy and would recover resid-

ual system costs through fixed charges that do not change as a customer changes his

or her consumption profile. However, the implementation of improved tariffs has

been stymied in part by the perceived distributional impacts of transitioning to
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more efficient tariffs. This Chapter demonstrates that simple changes to fixed charge

designs for residual cost recovery make it possible for regulators to improve the eco-

nomic efficiency of retail tariffs without harming distributional equity. This Chapter

demonstrates that the goals of designing economically efficient and distributionally

equitable tariffs need not be in conflict.

Section 4.3 assesses the consumer surplus gains and distributional impacts of

transitioning to many commonly discussed rate designs, including a design with

economically efficient marginal prices and a uniform fixed-charge for residual cost

recovery. We found five key outcomes:

1. Any transition creates winners and losers, even within customer segments that

are benefited by or hurt on average from a transition.

2. Updating the energy component of the tariff to better reflect the real-time

marginal costs of energy benefits low-income customers on average, although

the gains are relatively modest (1% to 5% of expenditures) if no changes are

made to the design of residual cost recovery mechanisms.

3. Transitioning to uniform fixed charges for residual cost recovery is likely to

cause higher average expenditures for low-income customers on average. This

is due primarily to the low average consumption levels of low-income customers

relative to higher-income customers.

4. Nonetheless, with relatively limited price elasticity, nearly all socioeconomic

groups are likely to see average consumer surplus benefits in the transition

to an efficient tariff with fixed charges for residual cost recovery, even if bills

increase for certain groups.
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5. The recovery of residual network and policy costs through volumetric rates

appears to be a larger economic distortion than the recovery of energy costs

through time invariant rates.

Next, Section 4.4 demonstrates that simple deviations from uniform fixed charge

designs can mitigate some or all of the undesirable distributional impacts of transi-

tioning to an efficient rate design while maintaining nearly all of the desired economic

efficiency benefits. A close examination of the economics of rate design reveals that

the feature that makes designing electricity rates so challenging provides the key to

improving the efficiency and equity of retail electricity rates. Due to the existence

of non-convex costs that cannot be efficiently allocated to individual users’ marginal

consumption or production decisions, there is a wide array of potential fixed charges

for residual cost recovery, all of which have equal or approximately equal economic

efficiency.

We explore three possible designs for economically efficient residual cost recovery

that alleviate the distributional challenges of uniform fixed charges. We demonstrate

that fixed charges designed using observable information such as customer demand

profiles or geography can provide more efficient bill protections than existing needs-

tested programs such as the Low-Income Home Energy Assistance Program.

We introduce two progressive bill protection schemes: one based on discounted

fixed charges for low-income customers, and one based on bill caps for low-income

customers. While discounted fixed charges are relatively simple mechanisms, these

mechanisms tend to have larger expenditure impacts on non-low-income customers

than the bill cap protection scheme. However, while bill caps have relatively small

impacts on non-low-income customers, they do not provide efficient marginal signals

to all protected customers.
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There is substantial room for additional research into the issues raised in this

Chapter. In particular, what are the optimal mechanisms and thresholds for identi-

fying which customers are eligible for bill protections? How might customers respond

to the types of progressive fixed charges and hedges introduced in this Chapter?

Stakeholder and regulator engagement can inform an agenda for future work towards

practical tariff improvements with enhanced protection for low-income customers.

147



4.6 Chapter 4 Appendices

4.6.1 Data Cleaning and Details

The original sample obtained from ComEd contained 344,717 customers, including

housing-type data and half-hourly electricity consumption data from 2016. However,

a substantial number of customers in this sample contained missing or potentially

flawed data, and were therefore removed. Out of the initial 344,717 customers only

278,821 appear in each of the monthly files. There are two primary causes for in-

complete time series. First, the smart meters that are used to measure and report

consumption data were deployed in a step-wise fashion. Half-hourly consumption

data are only available for customers following the installation of smart meters, which

happened mid year for certain customers. Second, customers may move throughout

the year, thus changing their meters and corresponding customer IDs.

Next, in an effort to use only high quality customer data, we removed all cus-

tomers with incomplete or inconsistent data. We removed all customer accounts with

any missing consumption values for any half-hourly period. Additionally, for numer-

ous customers the daily sum of the half-hourly consumption reads did not equal the

reported total daily sum. That is, there were inconsistencies—in some cases, sub-

stantial inconsistencies—in the raw data provided by ComEd. The majority of cases

with this issue occur in January, February and March. We removed all customers

with at least one case of more than a 5% deviation between the reported daily energy

consumed and the sum of the half-hourly consumption reads.

Finally, we removed 62 customers from non-residential rate classes. As noted

in 4.2.1, the final sample contains 100,170 residential customers with complete half-

hourly consumption data for 2016.
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Table 4.6: Demographic characteristics of the ComEd Service territory and the data
used in this study

Demographic variable ComEd Service Territory Customer Sample

In
co

m
e

Less than $15,000 10.49% 13.72%
$15,000 - $24,999 8.43% 10.33%
$25,000 - $34,999 9.25% 9.35%
$35,000 - $49,999 14.36% 12.37%
$50,000 - $74,999 20.06% 16.73%
$75,000 - $99,999 13.89% 11.83%

$100,000 - $124,999 9.08% 8.36%
$125,000 - $149,999 5.29% 5.20%
More than $150,000 9.15% 12.11%

A
ge

0-17 25.37% 22.82%
18-24 9.41% 9.79%
25-64 53.52% 54.97%
65+ 11.7% 12.42%

R
ac

e

White alone 65.05% 55.91%
Black or African Amer. alone 16.91% 23.19%

Amer. Indian & Alaska native alone 0.33% 0.30%
Asian alone 5.43% 6.82%

Native Hawaiian & other Pac. Isl. alone 0.06% 0.04%
Other racial designations 12.22% 13.74%

E
du

ca
ti

on
al

at
ta

in
m

en
t Less than 9th Grade 6.89% 8.32%

Some High School, no diploma 7.62% 7.45%
High School Graduate (or GED) 25.44% 23.94%

Some College, no degree 20.20% 19.07%
Associate Degree 6.69% 6.36%
Bachelor’s Degree 20.43% 21.22%
Master’s Degree 9.22% 9.88%

Professional School Degree 2.39% 2.47%
Doctorate Degree 1.12% 1.29%

E
m

pl
oy

. Civilian employed 61.73% 60.00%
Civilian unemployed 6.41% 6.39%

Armed forces 0.16% 0.02%
Not in labor force 31.70% 33.59%

Note: 2011 demographic data for the ComEd service territory used Commonwealth Edison
(2011).
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4.6.2 Derivation of Equation 4.1

Customer bill change is given by ∆𝑖 = 𝑌 ′
𝑖 𝛽 + 𝜖𝑖 where 𝑝𝑖 = P(𝑌𝑖). We seek to

minimize the expected square error:

𝛽 = arg min
𝑏

∑︁
𝑖

E(∆𝑖 − 𝑌 ′
𝑖 𝑏)

′(∆𝑖 −𝑋 ′
𝑖𝑏) (4.3)

The objective function in (4.3) is equivalent to

∑︁
𝑖,𝑗

𝑝𝑖𝑗(∆𝑖 − 𝑒′𝑗𝑏)
′(∆𝑖 − 𝑒′𝑗𝑏) =

∑︁
𝑖,𝑗

𝑝𝑖𝑗(∆𝑖 − 𝑒′𝑗𝑏)
′(∆𝑖 − 𝑒′𝑗𝑏) (4.4)

=
∑︁
𝑖,𝑗

𝑝𝑖𝑗∆𝑖∆𝑖 − 𝑝𝑖𝑗𝑏
′𝑒𝑗∆𝑖 − 𝑝𝑖𝑗𝑒

′
𝑗𝑏 + 𝑝𝑖𝑗𝑒𝑗𝑒

′
𝑗𝑏 (4.5)

=
∑︁
𝑖

∆𝑖∆𝑖 − 2∆𝑖𝑝
′
𝑖𝑏 + 𝑏′diag(𝑝𝑖)𝑏 (4.6)

Taking the derivative of (4.6) with respect to 𝑏 we obtain the first order condition

for the optimization problem in (4.3):

0 =
∑︁
𝑖

−2∆𝑖𝑝𝑖 + 2diag(𝑝𝑖)𝛽 (4.7)

By rearranging this expression, we get the initial result in Equation 4.1. Note that the

second derivative equals
∑︀

𝑖 2diag(𝑝𝑖), which is a diagonal matrix with non-negative

entries along the diagonal; hence, it is positive semi-definite. This confirms that (4.3)

is a convex optimization problem with the solution 𝛽 as the unique optimum.
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4.6.3 Tariff designs

Notes on Flat-NCDC: Non-coincident peak demand charge designs have garnered

some attention in recent years as alternatives to volumetric charges (see, for example,

Hledik (2014)). However, individual peaks often do not align well with the network

or system-demand peaks that drive costs. Further, residual costs are not affected by

individual customer peak demands. NCDCs are therefore distortionary mechanisms

for recovering residual charges. We include this case to highlight the impacts of non-

coincident peak-demand charges. We test multiple levels of NCDCs and find similar

results in all cases. We present only one NCDC case for concision.

Notes on CPP-10: As of the end of 2016, there were 23 residential critical peak

pricing programs in the U.S. (U.S. Energy Information Administration, 2017). Crit-

ical peak pricing programs are commonly considered improvements over flat pricing

schemes, as they capture some of the time variability in the price of electricity. How-

ever, because these schemes are typically limited to a finite number of event days

per year, and because the price of electricity is typically administratively determined

during event- and non-event-periods, these programs tend to capture only a small

fraction of the efficiency of real-time pricing programs (Blonz, 2018). We test a num-

ber of peak-to-off-peak price ratios and find similar results in all cases. We present

only one critical peak price case for concision.

Notes on RTP-CCC: All U.S. wholesale electricity markets—with the excep-

tion of ERCOT in the state of Texas—operate some form of organized capacity

market designed to ensure that the system maintains a desired margin of genera-

tion capacity above electricity demand. These capacity remuneration mechanisms

have the effect of suppressing short run electricity prices below the levels necessary

to maintain an “adequate” level of capacity (where the adequate level is most often
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defined by a regulatory authority or system operator) in the system (Spees et al.,

2013).24 Critically, prices during periods of scarcity do not rise to the long run

marginal cost and do not adequately signal a consumer’s contribution to future ca-

pacity costs (Joskow and Tirole, 2007). Using simulation models of varying degrees

of complexity, Mays and Klabjan (2017) and Newell and Faruqui (2009) demonstrate

that, in markets with capacity remuneration mechanisms, adding a peak-coincident

charge to the real-time price of energy during periods of scarcity can increase effi-

ciency relative to a pure real-time price. The rational for forward-looking capacity

charges for transmission and distribution is the same as that outlined here. However,

as noted, we do not have network topology or loading data, and thus don’t assess

such charges.

The efficient signal equals the expected marginal change in capacity market costs

𝐶 for a marginal change in demand at any point in time 𝑥𝑡. If capacity demand at

the capacity market clearing price 𝑃 * is 𝐷(𝑃 *), then capacity market costs are as in

Equation 4.8. The optimal coincident capacity charge is then as in Equation 4.9.

𝐶 = 𝐷(𝑃 *)𝑃 * (4.8)

𝐸

[︂
𝜕𝐶

𝜕𝑥𝑡

]︂
= 𝐸

[︂
𝜕𝐷(𝑃 *)

𝜕𝑥𝑡

𝑃 * + 𝐷(𝑃 *)
𝜕𝑃 *

𝜕𝑥𝑡

]︂
(4.9)

We assume the marginal change in price with respect to demand to be zero. In

other words, we assume that 𝑃 * is a function of the capacity supply curve only. This

allows us to simplify Equation 4.9 to the form shown in Equation 4.10.

𝐸

[︂
𝜕𝐶

𝜕𝑥𝑡

]︂
= 𝐸

[︂
𝜕𝐷(𝑃 *)

𝜕𝑥𝑡

]︂
𝐸[𝑃 *] (4.10)

24This follows directly from the fact that the current system capacity is supported by both energy
and capacity market revenues.
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We calculate the expected capacity market clearing price as the average of the

2013, 2014, and 2015 capacity market clearing prices for the ComEd load zone. We

calculate the expected change in the capacity market demand as the probability

weighted change in the demand of the customers in our sample. We use 2005-2015

PJM system-wide data to calculate the probability that any given hour will be one

of the five PJM-wide peak demand hours.25 The resulting prices are represented in

Figure 4-12. We add these peak-coincident capacity charges to the real-time price

of energy during the five days of highest PJM-wide demand in 2016.26 On all other

days, the marginal energy price is the hourly locational marginal price at the ComEd

load zone. In practice, this might look very similar to a critical peak price added on

top of a real-time price, in which event days are announced in anticipation of peak

demand.

25This mirrors the method used by Newell and Faruqui (2009). Mays and Klabjan (2017) use an
optimization model to compute the optimal pass through of capacity market costs. The focus of
our Chapter is on the distributional impacts rather than on estimating a precise measure of welfare
gain, and thus believe our simplified approach to be adequate.

26These days were, in order of highest demand, 8/11/16, 7/25/16, 8/12/16, 7/27/16, 8/10/16
(PJM Interconnection, 2017)
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Figure 4-12: Coincident capacity charges
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4.6.4 Drivers of bill changes

To understand the primary drivers of the bill changes seen in Figure 4-4, we run a

series of simple linear regressions on various customer-level characteristics. We model

annual expenditure changes for tariff 𝑟 and customer 𝑖 as ∆𝑖,𝑟 = Γ𝑟𝐶𝑖 + 𝜖𝑖,𝑟, where,

𝜖𝑖𝑟 represents the residual, and 𝐶𝑖 represents the customer characteristic of interest.

We assess customer service class and six energy consumption-based characteristics,

outlined below:

1. Annual consumption: 𝐴𝐶𝑖 =
∑︀

𝑡 𝑥𝑖,𝑡, where 𝑥𝑖,𝑡 is customer 𝑖’s demand at time

𝑡

2. Monthly consumption: 𝑀𝐶𝑖,𝑚 =
∑︀

𝑡∈𝑚 𝑥𝑖,𝑡, ∀𝑚 ∈ {1, ..., 12}

3. Monthly peak demand: �̂�𝑖,𝑚 = 𝑚𝑎𝑥(𝑥𝑖,𝑡), ∀𝑡 ∈ 𝑚, ∀𝑚 ∈ {1, ..., 12}

4. Price quantiles: 𝑃𝑄𝑖,𝑞,𝑟 =
∑︀

𝑡∈𝑞 𝑥𝑖,𝑡, ∀𝑞 ∈ {1, ..., 𝑄}, ∀𝑟27

5. Hourly consumption: 𝐻𝐶𝑖,ℎ =
∑︀

𝑡∈ℎ 𝑥𝑖,𝑡, ∀ℎ ∈ {1, ..., 24}

6. Standard deviation of daily consumption: 𝜎𝑑
𝑖 =

√︁∑︀
𝑑(𝑥𝑖,𝑑−�̄�𝑖,𝑑)

365

Table 4.7 presents the adjusted 𝑅2 values from 8 sets of customer characteristics.

We observe that, as expected, the primary driver of bill changes in a transition

towards time varying rates is aggregate consumption during high price periods. We

also note that annual consumption is a strong predictor of bill changes under the

RTP-CCC tariff, stemming primarily from the fact that the RTP-CCC tariff includes

a substantially lower volumetric rate and substantially higher fixed charge.
27We sort each marginal price vector into quantiles, and sum each customer’s energy consumption

during the times corresponding to that price quantile. For example, if 𝑞 = 10, 𝑃𝑄𝑖,10,𝑟 is the sum of
consumer 𝑖’s energy consumption during the hours corresponding to the 10% highest energy prices
for tariff 𝑟. For the RTP-Volumetric and RTP-CCC tariffs, 𝑄 = 10. For the CPP-10 tariff, 𝑞 = 2.
Given that the flat default and Flat-NCDC tariffs have no price variation over time, 𝑄 = 0.
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Table 4.7: Adjusted 𝑅2 values for regressions of aggregate changes in annual expen-
ditures on profile characteristics

Profile Characteristic Flat-NCDC CPP-10 RTP-Volumetric RTP-CCC
Annual Consumption 0.027 0.020 0.003 0.928
Monthly Consumption 0.414 0.328 0.578 0.959

Monthly Peaks 0.215 0.210 0.419 0.499
Price Quantiles 0.000 0.583 0.978 0.977

Price Quantiles and Class 0.000 0.891 0.978 0.989
Hourly Consumption 0.078 0.434 0.693 0.957

Service Class 0.370 0.106 0.112 0.216
Std. Dev. Of Daily Consumption 0.046 0.134 0.025 0.547
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4.6.5 Consumer surplus calculations

In this Chapter, we assume customer demand for each customer 𝑖 in each time period

𝑡 follows the following equation:

𝑥𝑖,𝑡 = 𝐴𝑖,𝑡𝑝
𝜖
𝑡 (4.11)

Equation 4.11 follows from Borenstein (2013). The parameter 𝐴𝑖,ℎ is a customer-

specific scaling factor that is calculated using the customer’s consumption under

the default rate and the default volumetric rate. The parameter 𝜖 is the own price

elasticity of demand. Following from from Equation 4.11, the consumer surplus in

each time period is calculated as follows:

𝐶𝑆𝑖,𝑡 =

∫︁ 𝑥𝑖,𝑡(𝑝𝑡)

𝑥𝑖,𝑡(𝑝𝑚𝑎𝑥)

(︁ 𝑥𝑖,𝑡

𝐴𝑖,𝑡

)︁1/𝜖
𝑑𝑥− 𝐹𝑖,𝑡 (4.12)

The parameter 𝑝𝑚𝑎𝑥 is the maximum price the customer is willing to pay for the

first unit of electricity consumed. We detail how this parameter is calculated below.

The parameter 𝐹𝑖,𝑡 is the fixed charge that customer 𝑖 faces, scaled to time period

𝑡. The aggregated consumer surplus over the entire year is calculated by summing

Equation 4.12 over all 𝑡:

𝐶𝑆𝑖 =
𝜖

1 + 𝜖

∑︁
𝑡

(︁
𝐴𝑖,𝑡

(︀
𝑝𝜖+1
𝑡 − 𝑝𝜖+1

𝑚𝑎𝑥

)︀)︁
−
∑︁
𝑡

𝐹𝑖,𝑡 (4.13)

To calculate the maximum price that consumers are willing to pay, we calculate 𝑝𝑚𝑎𝑥

such that all customers have non-negative consumer surplus under the default flat

tariff. That is, for every consumer, the surplus from consumption is greater than or

equal to the fixed charge under the default tariff. In order to find this value, we first
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solve the consumer surplus calculations for the flat tariff using a placeholder 𝑝𝑚𝑎𝑥

value. We then find the consumer with the lowest total surplus. Finally, using a low

estimate of price elasticity (𝜖 = −0.1), we solve the following equation for the 𝑝𝑚𝑎𝑥

that yields zero surplus:

𝑝𝑚𝑎𝑥 =

(︃∑︀
𝑡

(︀
𝐴𝑡𝑝

𝜖+1
𝑡

)︀
− (1+𝜖

𝜖
)𝐹∑︀

𝑡 𝐴𝑡

)︃ 1
𝜖+1

(4.14)

The resulting 𝑝𝑚𝑎𝑥 is $9.012/kWh, which is roughly in line with measures of the cost

of interruptions of electricity service for residential customers. Using this 𝑝𝑚𝑎𝑥, we

see that, with low elasticity, more than 99% of customers have positive surplus under

the RTP-CCC tariff (in which all customers have a uniform fixed charge of roughly

$39 per customer per month). With high elasticity, more than 99.7% of customers

have positive surplus under the RTP-CCC tariff. Under the RTP-CCC-APD tariff (in

which fixed charges are allocated based on customer peak demand), more than 99.7%

of customers have positive surplus with low elasticity. With high elasticity, more than

99.9% of customers have positive elasticity under the RTP-CCC-APD tariff. This is

likely a conservative estimate, as the value of connecting to the network is likely to

be higher than the short term cost of curtailing consumption. Figure 4-13 displays

the aggregate consumer surplus under the RTP-CCC and RTP-CCC-APD tariffs.
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Figure 4-13: Distribution of annual consumer surplus under the RTP-CCC and RTP-
CCC-APD tariffs
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4.6.6 Change in consumer surplus in the transition from the

flat to the RTP-CCC tariff

Table 4.8: Change in consumer surplus relative to the flat default tariff by socioeco-
nomic group, high elasticity case

Demographic variable Flat NCDC CPP 10 RTP Volumetric RTP CCC
Mean 2.5% 97.5% Mean 2.5% 97.5% Mean 2.5% 97.5% Mean 2.5% 97.5%

In
co

m
e

Less than $15,000 31.88 18.53 44.72 15.48 12.75 18.42 5.58 4.27 6.78 228.94 190.27 270.81
$15,000 - $24,999 40.73 24.37 56.80 15.59 12.20 19.07 4.80 3.43 6.22 265.28 222.76 306.27
$25,000 - $34,999 38.68 22.07 55.53 15.23 11.84 19.31 4.50 2.96 5.92 279.60 234.92 320.89
$35,000 - $49,999 39.21 24.64 53.52 15.24 12.15 18.66 3.98 2.54 5.29 292.62 257.73 331.29
$50,000 - $74,999 32.11 18.66 45.02 14.06 11.18 16.98 3.60 2.55 4.95 299.70 266.72 336.54
$75,000 - $99,999 30.61 13.98 46.17 14.13 10.64 17.67 3.06 1.60 4.42 317.27 277.75 357.79
$100,000 - $124,999 27.59 5.10 45.05 14.19 9.44 18.82 2.72 0.93 4.63 327.65 276.61 381.56
$125,000 - $149,999 24.54 -1.60 49.29 14.31 8.94 20.07 2.55 0.44 5.20 332.39 266.74 404.36
More than $150,000 7.42 -13.03 26.27 14.44 10.80 18.64 2.75 1.04 4.35 346.70 296.51 407.12

A
ge

0-17 41.78 30.84 54.18 15.49 13.05 17.99 3.66 2.65 4.70 311.20 282.50 338.88
18-24 36.96 19.17 55.41 15.62 11.87 19.05 4.11 2.54 5.75 283.20 238.49 328.52
25-64 28.74 20.99 35.55 14.61 13.06 16.13 3.87 3.20 4.53 290.32 270.56 308.96
65+ 20.22 5.27 33.90 13.60 10.48 16.87 4.09 2.73 5.41 286.86 247.60 328.13

R
ac

e

White alone 21.51 14.01 29.26 12.00 10.50 13.41 2.57 1.99 3.20 303.12 285.25 324.50
Black or African Amer. alone 44.84 33.89 54.91 22.28 19.81 25.01 7.70 6.76 8.80 264.36 234.15 292.85
Amer. Indian & Alaska native alone 47.68 -76.77 118.24 13.81 -4.85 32.63 3.54 -5.01 12.61 282.75 61.91 523.43
Asian alone -3.36 -24.74 20.27 9.81 5.30 14.21 3.11 1.18 5.40 263.62 206.29 331.77
Native Hawaiian & other Pac. Isl. alone 14.01 -176.18 156.42 14.47 -18.15 52.53 4.18 -9.98 14.32 208.51 -171.25 843.89
Other racial designations 61.67 48.93 72.73 16.11 13.23 19.23 3.43 2.19 4.62 315.93 279.96 348.22

E
du

ca
ti

on
al

A
tt

ai
nm

en
t Less than 9th Grade 60.02 42.49 74.70 15.87 12.33 19.50 3.77 2.36 5.34 290.22 252.14 331.34

Some High School, no diploma 52.18 33.93 70.07 16.65 12.85 20.97 4.51 2.78 6.31 282.92 234.82 332.37
High School Graduate (or GED) 43.62 33.39 54.39 14.89 12.37 17.18 3.66 2.63 4.74 309.08 282.16 335.76
Some College, no degree 33.41 20.57 46.02 15.15 12.85 18.16 4.03 2.95 5.01 301.92 264.63 336.56
Associate Degree 31.23 8.01 50.50 13.86 8.92 18.23 3.48 1.76 5.57 307.63 251.03 362.37
Bachelor’s Degree 8.62 -4.45 22.44 13.48 11.00 16.00 3.73 2.67 4.80 280.21 243.79 322.39
Master’s Degree 3.95 -15.78 21.41 14.08 10.15 17.95 4.04 2.62 5.94 276.94 226.89 329.35
Professional School Degree -7.78 -48.70 31.86 15.12 7.09 24.15 4.69 1.53 8.73 275.25 165.86 387.75
Doctorate Degree -4.71 -53.87 50.78 14.23 5.41 27.54 4.50 0.27 9.53 250.45 99.44 458.57

E
m

pl
oy

. Civilian employed 28.18 20.00 36.04 14.32 12.68 15.82 3.61 3.00 4.28 295.24 275.84 313.42
Civilian unemployed 45.68 25.87 65.80 17.16 12.65 21.16 4.70 3.05 6.85 295.25 238.98 347.20
Armed forces 50.10 -119.01 207.51 9.48 -19.85 68.11 0.31 -19.88 18.21 241.40 -135.92 949.08
Not in labor force 33.82 24.73 43.63 15.09 13.15 17.28 4.18 3.38 5.04 291.05 265.81 316.27

Note: All values in 2016 USD.
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4.6.7 Bootstrap

Figure 4-14 demonstrates that the bootstrap method and the method described in

Equation 4.1 provide the same result. The slight differences in the computed and

bootstrapped means result from the size of the bootstrap. This confirms that the

method provides the results as expected.

Figure 4-14: Comparison of bootstrap and computed results for
the RTP-CCC tariff
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4.6.8 Progressive pricing

Table 4.9 contains the average values for several consumption characteristics for

different income levels. This is presented in a normalized fashion and described in

greater detail in Table 4.5 in Section 4.4.1.

Table 4.9: Average Profile Variables by Income

Income ($1,000 USD)
Average
Monthly

Consumption

Annual
Peak

Demand

Peak-To-
Off-Peak

Ratio

May
Peak

Demand

June
Peak

Demand

July
Peak

Demand

August
Peak

Demand

Consumption:
5:30PM-
6:00PM

Consumption:
6:00PM-
6:30PM

Consumption:
6:30PM-
7:00PM

<$15 464.53 3.98 15.01 2.81 3.13 3.25 3.24 141.83 144.77 146.26
$15 – $25 496.02 4.11 14.31 2.94 3.30 3.42 3.40 153.56 156.47 157.87
$25 – $35 509.26 4.23 14.22 3.04 3.42 3.53 3.52 158.59 161.60 163.04
$35 – $50 521.05 4.33 14.22 3.13 3.54 3.65 3.63 163.53 166.58 167.96
$50 – $75 530.48 4.49 14.49 3.27 3.67 3.79 3.76 167.72 170.97 172.34
$75 – $100 546.66 4.63 14.51 3.41 3.83 3.94 3.92 174.55 177.91 179.21
$100 – $125 556.69 4.74 14.56 3.52 3.94 4.06 4.03 179.03 182.63 183.94
$125 – $150 561.76 4.82 14.73 3.58 4.01 4.12 4.10 181.42 185.09 186.39
>$150 578.45 5.14 15.34 3.82 4.23 4.35 4.32 187.63 192.09 193.67

Figure 4-15 shows the impact of progressive fixed charges on low-income and

non-low-income customer bills for three different fixed charge scenarios in the RTP-

CCC tariff. The first—the default case—all customers have the same fixed charge,

regardless of income ($38.30 per-customer per-month). In this case, roughly 80%

of low-income customers see a bill increase, and roughly 56% of non-low-income

customers see bill increases.28 In the second case, low-income customers face a $22.30

per-customer per-month fixed charge, and non-low-income customers face a $39.64

monthly fixed charge. In this case, only roughly 35% of low-income customers face bill

increases, and the percent of non-low-income customers facing positive bill changes

increases slightly to roughly 58%. Finally, in the third case, low-income customers

face zero fixed charges, and non-low-income customers pay a monthly fixed charge of

$41.51. In this case, all low-income customers see bill decreases, while the fraction of

28Note that these numbers differ from those seen in Figure 4-7 due to the different method of
identifying low-income customers. In Figure 4-7, we directly identify the impacts on low-income
customers using the method defined in Section 4.2.2. Here, we identify low-income customers as
customers living in Census Block Groups with median incomes below $25,000.
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non-low-income customers facing positive bill changes increases to 62.5%. It is worth

stating that charging zero residual costs to low-income customers would entail a cross-

subsidy from non-low-income to low-income customers, as low-income customers

would no longer be paying more than their incremental cost of service (Faulhaber,

1975).

Figure 4-15: Impact of progressive fixed charges on low- and non-low-income bill
changes for three charge scenarios

Note: Zero-elasticity case.

163



THIS PAGE INTENTIONALLY LEFT BLANK

164



Chapter 5

The Distributional Impacts of

Residential Solar PV Adoption

5.1 Introduction

Chapter 4 focused on the distributional impacts of changing rate designs in a static

setting. That is, we asked how a change in the structure of a tariff would impact

customers of different socioeconomic statuses, and what economic efficiency benefits

might we see from that change, assuming a defined level of demand elasticity? Our

findings confirmed previous research and charted a path forward for residual cost

recovery. We found that transitioning from a tariff that recovers residual costs pre-

dominately through volumetric (dollars per kilowatt-hour) charges to a tariff that

recovers residual costs predominately through uniform1 fixed, per customer charges

is likely regressive — that is, the transition is likely to increase bills for low income

customers while decreasing bills for more affluent customers. We then demonstrate

1That is, the fixed charge for customer 𝑖, 𝐹𝑖, is equal to the fixed charge for customer 𝑗, 𝐹𝑗 , ∀
𝑖, 𝑗, 𝑖 ̸= 𝑗.
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several options for increasing the efficiency of residual cost recovery without creating

these undesirable distributional impacts.

The possibility of distributed energy resource (DER) adoption by network users

adds a new dimension to the challenge of assessing the distributional impacts of

rate design. That is, a full accounting of the distributional impacts of rate design

must now consider how rates change as network users install DERs, and must assess

the impacts of these changes on customers of different socioeconomic groups. While

some literature analyzes the distributional impacts of transitioning to time varying

energy charges (see, e.g., Horowitz and Lave (2014)) or to fixed charges (see, e.g.,

Borenstein (2011), and Borenstein and Davis (2012)), there is a dearth of research

analyzing how efficient or inefficient rates perform as DER adoption increases.2

DER adoption by network users and retail electricity rates are intertwined in two

ways. First, in many markets, including the vast majority of U.S. markets, DERs

are remunerated according to the retail tariff.3 Second, the costs of DER adoption

and support programs are often recovered through the retail tariff.4

This Chapter analyzes the rate impacts of the installation of DERs — in par-

2See Section 4.1 in Chapter 4 for a more in depth discussion of these papers.
3The retail tariff directly determines the value of energy production from behind-the-meter

DERs, when that energy production offsets consumption. For example, if a customer pays $0.10
per kilowatt-hour (kWh), then the value of DER production (when that production offsets local
consumption) is $0.10/kWh. In many places, the retail tariff also determines the value of energy
production from DERs that is exported to the grid. In the most generous case, exported energy
from DERs receives a price equal to the cost of consumption, i.e. $0.10/kWh if the retail rate is
also $0.10/kWh; this is called net-metering. The retail tariff might also determine if there are other
applicable rates for DERs. In some locations, DER owners pay additional fixed monthly charges,
or are placed on a different tariff type (e.g. time-of-use).

4In many cases, for example in the European Union, the aggregate costs of explicit subsidies
for DERs are recovered through retail tariffs. This Chapter focuses on a more subtle type of DER
support cost. As this Chapter discusses in much more detail, if DER adoption reduces a customer’s
payments more than it reduces system costs, the resulting revenue shortfall may require increasing
rates. Where rates allow customers to avoid paying for residual costs by reducing net demand, a
DER-driven decrease in net demand increases the effective per kWh charge for residual cost recovery.
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ticular, rooftop solar photovoltaics (PV) — by homeowners in the Chicago, Illinois

region under alternative electricity rate designs. Specifically, I analyze the impacts

of inefficient and efficient methods for recovering residual network costs as DER pen-

etration increases. While the data used to parameterize the models used herein are

from Chicago, the lessons gleaned about the impacts of inefficient rates are universal.

This Chapter uses three primary data sources and tools. First, I develop simple

models that captures a utility’s costs, the structure of the tariffs used to recover

these costs, and the changes in the utility’s costs and rates as the penetration of

rooftop solar PV among residential customers increases. I parameterize these models

with half-hourly energy consumption data for 100,170 customers in the Chicago, IL

region, and with census data on the socioeconomic characteristics of these customers.

Finally, I leverage data from the Lawrence Berkeley National Laboratory on the

income trends of rooftop solar PV adopters to simulate the demographics of PV

adoption (Barbose et al., 2018).

The research presented here leads to several novel results. First, I find that annual

expenditures for non-solar adopting customers in the bottom income quintile5 may

increase substantially — by as much as 80% — at high solar penetrations under the

default electricity tariff in ComEd. The default ComEd tariff does not vary with

time and recovers a substantial portion of total residual network and policy costs

through volumetric charges ($/kWh). Under this tariff, as customers adopt solar

they decrease their net demand, requiring an increase in charges for residual cost

recovery and increasing bills for non-solar adopters. Given that the majority of solar

adopters tend to be affluent, this drives a net increase in expenditures for less affluent

5That is, the customers with the lowest 20% of incomes. Throughout this paper I refer to the
customers with the lowest 20 percent of incomes as the 1st income quintile, or Q1. Likewise, I refer
to customers with the highest 20% of incomes as the fifth income quintile, or Q5.
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customers. Average expenditures for all customers in the bottom income quintile —

including both adopting and non-adopting customers — could increase as much as

35%. Second, I find that tariffs with efficient cost recovery mechanisms — that is,

fixed charges — do not create such cost shifts; solar PV adoption under efficient

tariffs leads to average bill savings across all income quintiles.

Third, I find that average expenditures for low income customers under a tariff

with volumetric residual cost recovery exceed average expenditures for low income

customers under a tariff with uniform fixed charges for residual cost recovery at

moderate levels of solar PV penetration (less than 25% of single family homes).

This finding dispels the common assumption that volumetric rates are inherently

progressive relative to fixed charges.

Finally, I find that net metering under the default tariff likely overcompensates

rooftop PV for the network loss and capacity cost reductions that it may create, even

under very aggressive assumptions about the magnitudes of these cost reductions.

More specifically, the marginal revenue per-kilowatt (kW) of solar PV under tariffs

that accurately value the impact of solar PV adoption on future network costs is less

than the marginal revenue per-kW of solar PV under the default (flat) tariff. This

reinforces the idea that time invariant rates with volumetric residual cost recovery

mechanisms are crude and imperfect subsidies for distributed solar PV.

This Chapter proceeds as follows.6 Section 5.2.2 introduces the data sets used in

this study. Section 5.2.2 reviews the methods used to assess the potential distribu-

tional impacts of DER adoption under the assumption of zero marginal network costs.

Section 5.2.2 also introduces the methods used to assess the potential distributional

impacts of DER adoption under the assumption that all distribution network costs

6Chapter 2 Section 2.4 reviews the literature related to the distributional impacts of low dis-
tributed energy resource adoption and support programs.
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are marginal. Finally, Section 5.2.2 builds a simple model of distribution network

ohmic losses and updates the tariff accordingly. Section 5.3 assesses the distribu-

tional impacts of efficient and inefficient rates as distributed PV penetration among

residential customers increases. Given the lack of data regarding the topology and in-

vestment needs in the distribution system in the ComEd service territory, Section 5.3

assumes that the distribution network is sufficiently sized such that no new distri-

bution investments are needed, meaning that solar PV penetration does not reduce

network costs. Section 5.4, on the other hand, assumes that all distribution network

costs are marginal, and designs a tariff that accounts for these marginal distribution

network costs. Section 5.4 then analyzes the distributional impacts of increasing

rooftop solar PV adoption under this tariff. Together, the results in Section 5.3 and

Section 5.4 provide a useful bound on the potential distributional impacts of efficient

and inefficient electricity rates. Finally, Section 5.5 discusses and concludes.

5.2 Data and Methods

5.2.1 Data

In addition to the meter data and census data introduced in Chapter 4, this Chapter

uses three primary sources of data. First, aggregate data on the income trends of

solar PV adopters. Second, solar insolation data and a solar PV production model

used to produce PV generation profiles. Finally, estimates of the marginal emissions

and social damages of these emissions for the Chicago area.

Each customer is assigned the median income of the census block group within

which that customer lives. This likely understates the distributional impacts ana-

lyzed herein; within each census block group, wealthy customers are more likely to
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adopt solar.7

Within the consumption data introduced in Chapter 4 Section 4.2.1, we focus

primarily on single family homes. The vast majority (more than 99%) of rooftop

solar PV adopters live in single family dwelling, most often owner occupied dwellings

(Barbose et al., 2018). We assign customers to income quintiles according to the

median income of the census block group within which they live. Table 5.1 contains

the breakdown of the number of single-family homes in our sample by income quintile.

In Table 5.1, the 1𝑠𝑡 Quintile represents the bottom 20% of incomes, and the 5𝑡ℎ

Quintile represents the top 20% of incomes. The income quintiles are established

based on the entire 100,170 customer sample, not on the subset of single family

homes; this explains why the number of customers in each income quintile (𝑁𝑄) are

not equal.

Table 5.1: Number of single family homes by income quintile

1𝑠𝑡 Quintile 2𝑛𝑑 Quintile 3𝑟𝑑 Quintile 4𝑡ℎ Quintile 5𝑡ℎ Quintile Total
8,076 13,885 12,831 12,799 11,751 59,342

The Income Trends of PV Adoption

The Lawrence Berkeley National Laboratory collected household-level income data

for more than 781,000 solar PV adopters across 13 U.S. states between the years

2000 and 2016 (Barbose et al., 2018). This data is summarized in Figure 5-1. In

Figure 5-1, the 0 to 20th Percentile represents the bottom 20% of incomes, and the

80 to 100th Percentile represents the top 20% of incomes. The income distribution

data is relatively consistent across time and states. Through 2016, the largest share

of PV adoption in the bottom income quintile was 8% (in Nevada), while the lowest
7See Barbose et al. (2018) page 20 for a discussion of this fact.
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share was 5% (in Washington D.C.). The average share of adoption in the bottom

two income quintiles across all states through 2016 was roughly 19%. In 2016 the

average share of adoption in the bottom two income quintiles across states was 21%.

Phrased differently, a customer in the top three income quintiles was roughly four

times more likely to adopt solar than a customer in the bottom two income quin-

tiles. While there is greater variation across states in the share of adoption in the

top three income quintiles, capturing this variation is less critical for assessing the

distributional impacts between higher and lower income quintiles. The distribution

of PV adoption between the top three income quintiles has remained nearly constant

since 2000, while the distribution between quintiles has changed slightly. Due to

the relatively consistent income distributions across time and location, we feel the

national average income trends are appropriate for the analysis in this Chapter.

While the share of adoption in the top three income quintiles has remained rel-

atively constant since 2000, we do see two distinct temporal trends in Figure 5-1.

First, between the year 2000 and 2008, the share of PV adoption in the top three

income quintiles grew from 79% to 84%. Second, between 2008 and 2016, the share

of PV adoption in the top three income quintiles fell back to 79%. In the base case

analysis in Section 5.3 (the 2016 Distribution case), we use the 2016 distribution

of PV adoption. We then perform two sensitivities. In the "2008 to 2016 Trend"

sensitivity, we linearly extrapolate the 2008 to 2016 changes in the adoption rates

in the bottom two income quintiles to 2040, and assume that the top three income

quintiles are all equally likely to install solar.8 In the "2000 to 2016 Trend" sensitiv-

ity, we linearly extrapolate the 2000 to 2016 changes in the adoption rates across all

income quintiles to 2040. This data is represented in Table 5.2. The interpretation

8If you extend the ‘08 to ‘16 trend through 2040 for the top income quintile, the probability of
adoption becomes negative. This is obviously not a useful result, so we modify the probabilities.
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Figure 5-1: Income Distribution of Rooftop Solar Adopters by Installation Year

Data source: Barbose et al. (2018)

of this data is as follows: in the 2016 Distribution case, for every 100 solar adopters

in 2016, we would expect roughly 25 to be in the top income quintile, 8 to be in the

bottom income quintile, and so on. I describe the use of this data in more detail in

Section 5.2.2.

Simulating Solar PV Production

The second primary source of data used in this analysis is solar insolation and weather

data and a solar PV production model. The design and specifications of the model

used to translate solar insolation and weather data into solar PV production is out-

side of the scope of this thesis. The model used, pvlib python, is a Python-based
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Table 5.2: Income distribution of PV adopters under the three adoption cases studied

Income Quintiles 2016 Distribution 2008 to 2016 Trend 2000 to 2016 Trend
0 to 20th Percentile 7.9% 11.4% 12.9%
20 to 40th Percentile 13.1% 23.2% 8.4%
40 to 60th Percentile 25.1% 21.8% 28.7%
60 to 80th Percentile 28.9% 21.8% 32.4%
80 to 100th Percentile 25.0% 21.8% 17.6%

tool developed and extensively vetted by Sandia National Laboratories (Holmgren

et al., 2018).9 The model uses solar insolation data and weather (e.g. temperature,

wind speed, etc.) data and PV system parameters (e.g. module efficiency, azimuth,

inverter sizing, etc.) and estimates the output of the specified solar PV system. I

modeled three systems with different azimuths (degree to which the panels are fac-

ing south). The output of the model with an azimuth of 180 degrees is shown in

Figure 5-2.

The PV model requires parameters about system performance. I use default

values for a typical residential installation, while specifying the azimuth and tilt.

The major parameters of the system are documented in Table 5.3.10

Emissions Factor Data

The final source of data used in this Chapter is marginal emissions and health dam-

ages data. Most power system operators do not provide data on the fuel type and
9pvlib python is a project of the Sandia National Laboratories PV Performance Modeling Col-

laborative. The formulation of pvlib has been vetted over decades by researchers at Sandia and
elsewhere, as well as by practitioners. Holmgren et al. (2018) contains information about the
model as well as links to further documentation. More model detail can be found at https:
//pvlib-python.readthedocs.io/en/latest/ and https://github.com/pvlib/pvlib-python.
Patrick Brown provided the IPython notebook containing the pvlib model that I used in this Thesis.
The documentation of Patrick’s version of the pvlib model can be found in the forthcoming paper,
Brown and O’Sullivan (2019).

10The model contains many other default parameters, a detailed accounting of which is outside
the scope of this Chapter.
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Figure 5-2: Solar PV Production for Chicago, IL in 2016

Chicago, IL. 2016. Azimuth = 180, Tilt = Latitude.

plant information of the marginal plant in each hour. Ex-post estimation of the

marginal emissions of a system at any given point in time is therefore challenging. I

use marginal emissions data provided by the Center For Climate and Energy Decision

Making at Carnegie Mellon University (Azevedo et al., 2017). I use this marginal

emissions data to calculate the potential climate and health benefits of the solar PV

adoption simulated herein.

The data set includes marginal emissions factors by time of day and season of

year11 for SO2, NO𝑥, PM2.5, and CO2. The data is provided at the North American

Electric Reliability Corporation region level. Chicago, IL is in the RFC region, an

area that covers parts of Illinois and Wisconsin and all of Michigan, Indiana, Ohio,

Pennsylvania, West Virginia, Delaware, and Maryland. In addition to marginal

11The breakdown for seasonal factors is: Winter (November through March), Summer (May
through September), and Transition (April and October).
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Table 5.3: PV Production Simulation Parameters

Parameter Value
System Type Fixed Tilt

Azimuth 135, 180, or 225
Tilt 41.9

DC-to-AC Derating 1.3
System Losses 14%
Inverter Losses 4%

Temperature Coefficient -0.004
Albedo 0.2

emissions data, the data set includes marginal damages data derived using two models

and an assumed $40 per ton price on CO2. The damages models used are the AP2

model12 and the EASIUR model13. The two models provide nearly identical results,

so this Chapter uses only the AP2 model. The damages data from the AP2 model

are visualized in Figure 5-3. I denote the total marginal cost of emissions (including

SO2, NO𝑥, PM2.5, and CO2) at any given time as 𝑝𝑒𝑚𝑡 .

5.2.2 Methods

I first detail the method used to simulate solar PV adoption. I then detail how

this adoption information is used to estimate the distributional impacts of different

tariffs.

Solar Adoption and Production Simulation

Holding the adoption probabilities introduced in Section 5.2.1 constant, I calculate

the probability that any given customer in any given income quintile will adopt solar
12See Muller (2014)
13See Heo et al. (2016b) or Heo et al. (2016a)
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Figure 5-3: Marginal Damages for the RFC Region in 2016

Data source: Azevedo et al. (2017)

at each penetration level. Specifically, I calculate:

𝛼𝑄,𝜑 =
𝜑
∑︀

𝑄(𝑁𝑄)𝑃𝑄

𝑁𝑄

(5.1)

𝜑 is the percentage of single family homes that have solar (e.g. 0%, 1%,...,75%),

𝑁𝑄 is the number of customers in each income quintile 𝑄 in our sample (see Ta-

ble 5.1), and 𝑃𝑄 is the fraction of total solar adoption that happens in income quintile

𝑄 (see Table 5.2). A sample output from this equation is provided in Table 5.4.

In order to simulate which customers adopt solar at any given penetration level, I

first draw a random number between zero and one, 𝑟𝑎𝑛𝑑𝑖. If 𝑟𝑎𝑛𝑑𝑖 is less than 𝛼𝑄,𝜑,
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Table 5.4: Customer-level PV adoption probabilities at different penetrations, 2016
Distribution case

All Single Family Homes Customer Adoption Probability
PV Penetration Level 1𝑠𝑡 Quintile 2𝑛𝑑 Quintile 3𝑟𝑑 Quintile 4𝑡ℎ Quintile 5𝑡ℎ Quintile

𝜑 𝛼1 𝛼2 𝛼3 𝛼4 𝛼5

0.5% 0.3% 0.3% 0.6% 0.7% 0.6%
1.0% 0.6% 0.6% 1.2% 1.3% 1.3%
1.5% 0.9% 0.8% 1.7% 2.0% 1.9%
2.0% 1.2% 1.1% 2.3% 2.7% 2.5%

...
...

...
...

...
...

73.0% 42.6% 41.0% 84.8% 97.7% 92.0%
73.5% 42.9% 41.2% 85.3% 98.3% 92.7%
74.0% 43.2% 41.5% 85.9% 99.0% 93.3%
74.5% 43.4% 41.8% 86.5% 99.7% 93.9%
75.0% 43.7% 42.1% 87.1% 100.0% 94.6%

I determine that the customer has adopted solar (I denote this with 𝜆𝑖,𝜑 = 1).

Thus, at any given point in time, solar generation for customer 𝑖 is as follows:

𝑔𝑖,𝑡,𝜑 = 𝜆𝑖,𝜑𝜅𝑖𝑔𝑡 (5.2)

𝑔𝑡 is the normalized solar generation per kW (AC) of solar PV (in units of kWh

per kW), and 𝜅𝑖 is the size of the solar PV array adopted by customer 𝑖. I explore

two different models for 𝜅𝑖. First, I size each adopting customer’s solar PV system

according to that customer’s annual peak demand (𝜅𝑖 = �̂�𝑖,𝑡). I refer to this as the

"Peak Demand PV Case." Second, I size each customer’s solar PV system such that

it meets 80% of the customer’s energy demand for the year (𝜅𝑖 =
0.8

∑︀
𝑡(𝑥𝑖,𝑡)∑︀

𝑡(𝑔𝑡)
). I refer

to this as the "Annual Consumption PV Case." In the Annual Consumption PV

Case, the average PV unit size in our sample is 3.6 kW. In the Peak Demand PV

Case, the average PV unit size is 5 kW. The average rooftop PV unit size in the U.S.

is 5 kW according to the Solar Energy Industries Association, the trade association
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representing the U.S. PV industry (Solar Energy Industries Association, N.D.). I

discuss the impact of sizing assumptions in Section 5.3.

Figure 5-4 displays the peak demand and net demand for three solar PV pene-

tration cases under the Annual Consumption PV Case, and with a PV azimuth of

180. The blue line on each plot is the peak demand at that penetration level. Two

observations are particularly relevant. First, that the aggregate peak demand of all

of the customers in our sample decreases by only 0.8% as the penetration of rooftop

PV increases. This is particularly relevant for assumptions about the recovery of

residual costs, discussed in Section 5.3. Second, large injections of power become

fairly common in the winter and shoulder seasons. I discuss these trends in more

detail in Section 5.4.

One of the primary impacts of solar adoption is to shift the period of peak net

demand on the system. However, this effect is not uniform. Due to low or no

solar production during winter and shoulder month peak demand periods, solar PV

production does not impact the period of coincident peak demand during winter

and shoulder months. However, solar PV does produce during periods of coincident,

shifting peak net demand later in the day. This phenomenon is depicted in Figure 5-

5. Figure 5-5 shows the marginal impact on net demand of a one percent increase

in penetration of solar PV during a week in January (left panel) and a week in July

(right panel) for three levels of solar penetration: 0% on top, 30% in the middle, and

60% on the bottom. The vertical blue lines represent the hour of peak net demand

on each day. We see clearly that solar PV has little impact on winter peak demand,

but shifts summer peak demand by several hours as penetration increases.
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Figure 5-4: Net Demand Profiles for 𝜑 = 0, 30, and 60

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.

Modeling the Distributional Impacts of Rate Designs

The primary goal of this Chapter is to understand the potential distributional im-

pacts of PV adoption under different tariff designs. The optimal tariff — as discussed

in Chapter 2 — contains price signals for marginal energy, generation capacity, and

network capacity costs, and recovers all remaining residual costs through a fixed

charge. While fixed charges are the most efficient mechanisms for recovering residual

costs, most U.S. and European utilities also recover some portion of residual costs

through volumetric charges. Further, the vast majority of tariffs charge a constant,

time invariant price for energy and do not contain marginal price signals for network
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Figure 5-5: Net Demand Profiles for Two Selected Weeks for 𝜑 = 0, 30, and 60

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.

and generation capacity.

The expenditures for customer 𝑖 at a given solar penetration level (𝜑) can be

represented as in Equation 5.3, where 𝐹𝑖,𝜑 represents the fixed charge, 𝑥𝑖,𝑡 is customer

𝑖’s demand, 𝑔𝑖,𝑡,𝜑 is customer 𝑖’s solar generation, and 𝑝𝑖,𝑡,𝜑 is the marginal price (for

consumption and/or production) that customer 𝑖 faces at time 𝑡.14 𝑝𝑖,𝑡,𝜑 will include

the following components, where relevant:

1. 𝑝𝑒𝑖,𝑡: The volumetric charge for energy

14The consumption data used in this study is reported as kWh used over a half-hourly period.
Demand-based charges (dollar per kW) can be represented as energy charges by multiplying the
energy consumed by two. For example, if a consumer was reported to have consumed 1/2 kWh in
a given 30 minute period, this is equivalent to consuming 1 kW for 30 minutes.
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2. 𝑝𝑐𝑐𝑐𝑖,𝑡 : The volumetric charge for marginal generation capacity (“CCC” stands

for coincident capacity charge)

3. 𝑝𝑐𝑝𝑡,𝑧,𝜑: The volumetric charge for marginal network capacity (“CP” stands for

coincident peak)

4. 𝑝𝑟𝑖,𝑡,𝜑: The volumetric charge for residual cost recovery

As noted, many of the components of 𝑝𝑖,𝑡,𝜑 will be zero for many tariffs. For example,

ComEd’s default tariff is comprised of only a volumetric energy price, volumetric

charge for residual cost recovery, and a fixed charge for residual cost recovery.

𝐸𝑖,𝜑 = 𝐹𝑖,𝜑 +
∑︁
𝑡

(︀
𝑝𝑖,𝑡,𝜑(𝑥𝑖,𝑡 − 𝑔𝑖,𝑡,𝜑)

)︀
(5.3)

The charge for marginal network capacity should only be non-zero when and where

marginal consumption or production decisions will drive investments in new network

capacity (Pérez-Arriaga et al., 2016; Abdelmotteleb et al., 2018). Ideally this charge

would vary on a feeder by feeder basis, and the magnitude of the charge would be

determined using measured load, network topology, and accurate forecast data. In

the case of a congested feeder with necessary upgrades, the charge should equal the

marginal change in the time value of money between the point at which a network

investment would have been required in the absence of a DER and the point at which

the network investment is required given the DER. This is depicted in Figure 5-6.

Likewise, if a feeder were congested due to DER-driven injections of power, the

charge should convey the marginal time discounted cost of the investments necessary

to accommodate increased peak injections.

Given the lack of distribution network topology and technical data and the lack

of load forecast and investment plan data, we simulate the distributional impact of

181



Figure 5-6: Measurement of Network Capacity Value

Adapted from Cohen et al. (2016).

rates under two cases. First, a case in which we assume that no distribution feeders

are congested, and thus that there are no marginal distribution network costs. This

case will tend to show large distributional impacts of PV adoption, as a greater

share of network costs are assumed to be residual, enabling larger cost shifts as PV

adoption increases. Second, I model a case in which I assume that all distribution

feeders are congested, and thus that all distribution network costs are marginal. This

case will tend to show smaller distributional impacts of PV adoption, as a smaller

share of network costs are assumed to be residual, decreasing cost shifts as PV

adoption increases. I detail the methods for estimating the price signal for marginal

network costs in Section 5.2.2. Together, these two cases provide a range of possible

distributional impacts of efficient and inefficient rates as PV adoption increases.

Given the lack of distribution network data, the purpose of the modeling of

marginal distribution network costs is not to estimate with precision the exact mag-

nitude of distributional impacts. Rather, I try to: 1) estimate the potential order of

magnitude of the cost shift, 2) develop an intuition for the potential distribution of
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the cost shift, and 3) understand the dynamics of the cost shift as distributed PV

penetration increases.

In order to estimate the distributional impacts of rate design, I estimate ComEd’s

total residual costs as 𝑅𝑟 =
∑︀

𝑖,𝑡

(︁
𝐹𝑖,𝜑=0 + 𝑥𝑖,𝑡𝑝

𝑟
𝑖,𝑡,𝜑=0

)︁
, where 𝑥𝑖,𝑡 is the demand of

customer 𝑖 in time 𝑡, and 𝑅𝑟 is the total set of residual costs that the utility must

recover. In zero marginal network costs case, 𝑅𝑟 includes all distribution facilities,

metering and customer, policy, and transmission costs. See Table 4.3 in Chapter 4.

In the marginal network costs case, 𝑅𝑟 includes all metering and customer, policy,

and transmission costs, as I assume that the distribution facilities costs are marginal

(and thus not residual). As solar PV generation increases, residual costs must be

recovered across net demand:

𝑅𝑟 = 𝐹𝑖,𝜑 +
∑︁
𝑖,𝑡

(︁
(𝑥𝑖,𝑡 − 𝑔𝑖,𝑡,𝜑)𝑝𝑟𝑖,𝑡,𝜑

)︁
∀𝜑 = 0, ..., 75 (5.4)

As solar penetration (𝜑) increases, total solar generation increases and net de-

mand (demand minus solar generation) decreases. For an efficient tariff, 𝑝𝑟𝑖,𝑡,𝜑∀𝜑.

However, in practice, 𝑝𝑟𝑖,𝑡,𝜑 is typically greater than zero (as it is under ComEd’s

default rate). Since 𝑝𝑟𝑖,𝑡,𝜑 is greater than zero at 𝜑 = 0, 𝑝𝑟𝑖,𝑡,𝜑 or 𝐹𝑖,𝜑 must increase

as 𝜑 increases for all residual costs to be recovered (i.e. to meet the constraint in

Equation 5.4).

There are three key assumptions embedded in this method. First, 𝑥𝑖,𝑡 does not

change with 𝜑; that is, solar adopters do not modify their consumption behavior

after adopting solar. Note that under a net-metering scheme as modeled here, the

temporal profile of the customer does not affect the change in 𝑝𝑟𝑖,𝑡,𝜑 - only the sum

of the net demand. Second, 𝑅𝑟 remains constant as 𝜑 increases. This assumption

likely overstates the potential distributional impacts at low penetrations, and under-
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states the distributional impacts at high penetration. Modeling results indicate that

distributed PV adoption can reduce distribution system costs at low penetration,

and increases these costs at higher penetrations (Schmalensee et al., 2015; Cohen

et al., 2016). While empirical work on this issue is limited, there is initial evidence

that distributed PV may increase network costs (and thus residual costs) even at low

penetrations (Wolak, 2018). The third core assumption in Equation 5.4 is that all

residual costs must be recovered. As discussed in Chapter 3, there is legal precedent

for writing off assets that are not longer valuable. However, this is not common in

practice. Further, as I show in Figure 5-4, peak demand remains fairly consistent

as PV penetration grows, indicating that the assets in this case study are likely still

useful.

Estimating marginal distribution network costs

In order to estimate marginal distribution network costs, I approximate feeder level

demand by clustering demand at every five-digit zip code, 𝑧 ∈ R153. In short, I

assume that all customers in a given zip code belong to one feeder. The average

peak demand across each zip code in this sample is roughly three megawatts (MW),

which is in line with peak demands on average four kilovolt-amp feeders in the U.S.

To find the marginal cost of reducing (or of driving) coincident network loading,

I perform the calculations depicted in Equations 5.5. I begin by identifying the times

of the maximum 200 half hours of the absolute value of net demand (demand minus

generation) in each 𝑧. Note that peak network loading may occur during times of PV

injection and thus negative net demand. I sum the net demand across all customers 𝑖

in each time period 𝑡 and identify the top 20015 half-hourly network loading periods in

15I discuss the sensitivity to this peak period assumption in the appendices to this chapter.
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each 𝑧. Note that the demand in this case is the demand across all 100,170 customers

in the sample, not the subset of single family homes. This follows from the fact that

networks are built to meet the demand of all customers. I refer to the times of these

coincident peak periods as 𝑡𝑧,𝜑. I then calculate a per-kWh coincident-peak charge,

referred to as 𝑝𝑐𝑝𝑡,𝑧,𝜑, that recovers all distribution facilities costs from expected net

demand in these coincident peak hours. I do this by dividing all distribution facilities

costs16 by the sum of the absolute value of net demand in these 200 half hours. This

charge is symmetric — that is, a marginal increase in demand during a coincident

peak demand period will increase customer expenditures, and a marginal increase in

injection during a coincident peak injection period will also increase expenditures.

𝑝𝑐𝑝𝑡,𝑧,𝜑 =

⎧⎪⎨⎪⎩
𝑅𝑑𝑓𝑐∑︀

𝑡,𝑧 |𝑥𝑡,𝑧,𝜑−𝑔𝑡,𝑧,𝜑|
if 𝑡 ∈ 𝑡𝑧,𝜑

0 otherwise
(5.5)

The calculations depicted in Equations 5.5 and 5.11 assume that all distribution

facilities costs are marginal in the long run based on the coincident peak hours. Given

that not all areas within a distribution network will require investments at any given

point in time, this likely overstates the potential magnitude and pervasiveness of

marginal network costs. In addition, given that 𝑅𝑑𝑓𝑐 remains constant, I assume

that total costs remain the same even as marginal costs change.

Estimating the value of avoided distribution network technical losses

In addition to estimating marginal distribution network costs, I estimate marginal

distribution network losses. These marginal losses augment the marginal price of

16Referred to as 𝑅𝑑𝑓𝑐. 𝑅𝑑𝑓𝑐 ≈ $19𝑀 ; see Table 4.3 in Chapter 4. This excludes metering and
customer related charges (e.g. billing) as well as transmission costs. I assume that distributed PV
will not reduce these costs.
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electricity. Electrical losses emerge in power systems due to a variety of factors,

including ohmic (resistive) heating of electrical equipment (e.g. lines) as power flows

through these lines. While some electrical losses are “no load” losses,17 ohmic losses

are related to the square of the current flowing through the network. That is, 𝑙𝑡,𝑧,𝜑 ∝

𝐼2𝑡,𝑧,𝜑𝑅𝑧. Where 𝑙𝑡,𝑧,𝜑 is ohmic losses at time 𝑡 in location 𝑧 and solar penetration 𝜑;

𝐼2𝑡,𝑧,𝜑 is the square of the current; and 𝑅𝑧 is the ohmic resistance. Marginal losses

with respect to a change in load at any given point in time are equal to the derivative

of the loss function with respect to the current: 𝜕𝑙𝑡,𝑧,𝜑
𝜕𝐼𝑡,𝑧,𝜑

∝ 2𝐼𝑡,𝑧,𝜑𝑅𝑧. While distributed

solar cannot reduce no load losses, it may reduce ohmic losses by reducing power

flows over the distribution network.

I cluster demand by zip code as in Section 5.2.2. I then find the effective resis-

tance, denoted 𝑅𝑧,�̄�, at an assumed average total loss value across the entire distri-

bution system, denoted �̄�. I assume a constant voltage at the distribution level, and

directly relate current and demand. I calculate marginal losses in every time period

assuming a constant 𝑅𝑧,�̄�, and measure the value of solar PV in reducing these losses,

denoted 𝑠𝑙
𝑧,𝜑,�̄�

. I calculate marginal losses and loss avoidance values for two values of

�̄�: 4% and 7%. This process is depicted in Equation 5.6.

𝑅𝑧,�̄� = �̄�

∑︀
𝑡(𝑥𝑡,𝑧,𝜑=0)∑︀
𝑡(𝑥

2
𝑡,𝑧,𝜑=0)

(5.6)

𝜕𝑙𝑡,𝑧,𝜑,�̄�
𝜕𝐼𝑡,𝑧,𝜑

= 2(𝑥𝑡,𝑧,𝜑 − 𝑔𝑡,𝑧,𝜑)𝑅𝑧,�̄� (5.7)

𝑝𝑒
′

𝑖,𝑡 = 𝑝𝑒𝑖,𝑡

(︁
1 +

𝜕𝑙𝑡,𝑧,𝜑,�̄�
𝜕𝐼𝑡,𝑧,𝜑

)︁
(5.8)

17That is, they are technical losses (i.e. not the result of electrical theft) but do not depend on
the flow of power through the system. No load losses emerge from the need to energize the cores of
electrical transformers, for example.
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Considering all volumetric energy, marginal network and generation, and marginal

losses values, the revenue of customer 𝑖’s PV unit is modeled as 𝑠𝑖,𝑡,𝜑 = 𝜆𝑖,𝜑𝜅𝑖𝑔𝑡(𝑝𝑖,𝑡,𝜑)

for any given tariff. 𝑝𝑖,𝑡,𝜑 is the total variable (dollar per kilowatt-hour) charge and

contains several components (e.g. 𝑝𝑟𝑖,𝑡,𝜑 and 𝑝𝑒𝑖,𝑡,𝜑).

5.3 The Distributional Impacts of Rate Design with

Solar PV Adoption:

Zero Marginal Network Costs

In this section, I explore the potential distributional impacts of DER adoption under

ComEd’s default flat tariff and under the RTP-CCC and RTP-CCC-APD tariffs

under the assumption that zero percent of network costs are marginal.18 That is, in

this section, 𝑝𝑐𝑝𝑡,𝑧,𝜑 = 0. In Section 5.4 I explore the possibility of non-zero values for

𝑝𝑐𝑝𝑡,𝑧,𝜑. The RTP-CCC and RTP-CCC-APD tariffs recover all residual costs through

fixed charges. As a result, 𝑝𝑟𝑖,𝑡,𝜑 = 0 for all 𝑖, 𝑡, and 𝜑. This provides a useful contrast

to the default tariff, in which 𝑝𝑟𝑖,𝑡,𝜑 ≈ 0.05 $/kWh for 𝜑 = 0. Customer expenditures

under the default tariff and the RTP-CCC tariffs are calculated as in Equation 5.9.

Note that the RTP-CCC and RTP-CCC-APD tariffs are identical except for the fixed

charge design.

𝐸𝑑𝑒𝑓𝑎𝑢𝑙𝑡
𝑖,𝜑 = 𝐹𝑖,𝜑 +

∑︁
𝑡

(︀
(𝑝𝑒𝑖,𝑡 + 𝑝𝑟𝑖,𝑡,𝜑)(𝑥𝑖,𝑡 − 𝑔𝑖,𝑡,𝜑)

)︀
(5.9)

𝐸𝑅𝑇𝑃−𝐶𝐶𝐶
𝑖,𝜑 = 𝐹𝑖,𝜑 +

∑︁
𝑡

(︀
(𝑝𝑒𝑖,𝑡 + 𝑝𝑐𝑐𝑐𝑖,𝑡 )(𝑥𝑖,𝑡 − 𝑔𝑖,𝑡,𝜑)

)︀
(5.10)

18See Chapter 4 Sections 4.2.3, 4.4.1, and 4.6.3 for more detail regarding these rates.
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Figure 5-7 shows the change in average expenditures for each income quintile

as the penetration of solar PV increases under ComEd’s default (flat) tariff. The

results demonstrate a clear trend: as solar PV adoption increases, bills increase on

average for low income customers and decrease on average for high income customers.

Appendix 5.6 contains the sensitivity results for the various parameters discussed

herein. In all of the sensitivity cases explored, average expenditures for the bottom

income quintile increase.

Figure 5-7: Average Change in Annual Expenditures By Income Quintile
Default (Flat) Tariff

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.

In this case, I’ve updated only 𝑝𝑟𝑖,𝑡,𝜑 as 𝜑 increases, holding 𝐹𝑖,𝜑 constant. The

results in Figure 5-7 are driven in part by an increase in 𝑝𝑟𝑖,𝑡,𝜑 as net demand falls,
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and in part by the fact that low income customers represent a small fraction of PV

adopters. Figure 5-8 highlights the increase in the volumetric charge for residual cost

recovery as PV penetration increases. The per-kWh charge increases by over 200%

at 75% solar penetration.

Figure 5-8: Change in The Volumetric Charge for Residual Cost Recovery
Default (Flat) Tariff

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.

Figure 5-7 masks two trends: first, that there is a cost shift between adopters

and non-adopters within each income quintile. Second, that higher income customers

tend to consume more energy and thus offset a larger share of revenues as adoption

increases. Figure 5-9 displays the average bill impact by income quintile for adopters

(dashed lines) and non-adopters (solid lines). Given the assumption about 𝜅 and

189



the fact that higher income customers consume more power on average, I see larger

per-customer savings for high income customers than low income customers.19

Figure 5-9: Average Change in Annual Expenditures By Income Quintile: Adopters
vs. Non-Adopters
Default (Flat) Tariff

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.

The impact of changing the formula for 𝜅 (the size of the PV unit adopted by

each customer) is relatively straightforward: as the average 𝜅 increases, the trends

depicted in Figures 5-7 and 5-9 should accelerate. That is, net demand will fall faster

as a function of solar penetration (𝜑). In other words, the bills for non-adopters will

increase and the bills for adopters will fall more as 𝜅 increases.
19This is likely a reasonable assumption given the tendency for high income customers to live in

larger houses, use more appliances like air conditioning, etc.
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These same trends do not hold for efficient tariffs — that is, for the RTP-CCC

and RTP-CCC-APD tariffs. Figure 5-10 demonstrates the average change in ex-

penditures by income quintile for the tariffs with efficient residual cost recovery:

RTP-CCC and RTP-CCC-APD. All income quintiles benefit on average as solar PV

penetration increases, as there is no change in 𝐹𝑖,𝜑 or 𝑝𝑟𝑖,𝑡,𝜑. Solar adopters save

money by decreasing their energy costs and non-adopters are not impacted.

Figure 5-10: Average Change in Annual Expenditures By Income Quintile
RTP-CCC and RTP-CCC-APD Tariffs

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.

As highlighted in Chapter 4, transitioning rate design is not without its impact.

The RTP-CCC tariff recovers all residual costs through uniform fixed charges (i.e.

every customer faces the same fixed charge). The RTP-CCC-APD tariff recovers all
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residual costs through fixed charges that scale according to a customer’s annual peak

demand. The result is that low income customers would face a bill increase under

the RTP-CCC tariff and a decrease under the RTP-CCC-APD tariff.20

Figure 5-11 and 5-12 compares the average total annual expenditures as solar

penetration (𝜑) increases under the default (flat) tariff and the RTP-CCC and RTP-

CCC-APD tariffs. In each Figure, the solid line represents expenditures under the

default tariff, while the dashed line represents expenditures under the RTP-CCC and

RTP-CCC-APD tariffs respectively. At low solar penetrations, expenditures for low

income customers are higher under the RTP-CCC tariff than under the default tariff

(this follows from the results in Chapter 4). However, as penetration increases, we

see that low income expenditures are lower under the RTP-CCC tariff than under the

default tariff. Under the RTP-CCC-APD tariff, low income customer expenditures

are lower in all cases. One of the core arguments for maintaining time invariant,

volumetric tariffs like the default (flat) tariff studied here is that such tariffs are

believed to protect low income and other vulnerable customers. For example, the

National Consumer Law Center, a non-profit dedicated to "advancing fairness in

the marketplace for all," states plainly that "high utility fixed charges harm low

income, elders and households of color" (National Consumer Law Center, 2016). As

demonstrated in Chapter 4, it is possible to design progressive fixed charges that do

not harm vulnerable customers. Further, what this Section demonstrates is that, as

rooftop solar PV penetration increases, rates with volumetric residual cost recovery

do not necessarily protect low income customers. In fact, low income customer

expenditures may be higher under tariffs with volumetric charges for residual cost

recovery than under tariffs that recover residual costs through fixed charges as PV

penetration increases.
20See Figure 4-8 in Chapter 4.
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Figure 5-11: Total Expenditures vs. 𝜑: Flat and RTP-CCC Tariffs

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.

5.4 The Distributional Impacts of Rate Design with

Solar PV Adpotion:

Marginal Network Cost Cases

The previous Section demonstrated the potential distributional impacts of distributed

solar PV adoption under the assumption that zero percent of network costs are

marginal. However, in practice, some portion of distribution network costs may be

marginal in the long run, as highlighted in Section 5.2.2. In fact, some analysts

have argued that distributed solar PV does not in fact create any cost shifts, as
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Figure 5-12: Total Expenditures vs. 𝜑: Flat and RTP-CCC-APD Tariffs

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.

distributed solar is reducing system costs.21 In this Section, I explore the potential

distributional impacts of a tariff that includes a charge for marginal network capac-

ity and model the potential for distributed solar to impact the costs of distribution

network capacity and losses.

I begin by exploring the potential impact of solar deployment on distribution

network capacity costs and losses. I then explore the results of a tariff that incorpo-

rates these potential impacts. I then model the climate and health values of avoided

emissions. I conclude with a discussion of how these potential benefits should be

considered in light of the findings in Section 5.3

21See, for example, Whited et al. (2017) pages 156-164.
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5.4.1 Distribution Network Capacity Cost Impacts

If solar PV reduces demand during coincident peaks, this implies that future network

costs are reduced. If solar PV increases network loading during coincident peaks,

solar PV drives costs. I calculate the impact of solar PV in reducing or driving

network peaks per-kW, referred to as 𝑠𝑐𝑝𝜑,𝑧, by multiplying the marginal network value

by solar production. In cases where solar PV injections are driving peak loading, the

marginal cost is negative (i.e. PV is driving costs). This is depicted in Equation 5.11.

𝑠𝑐𝑝𝜑,𝑧 =
∑︁
𝑡

(𝑠𝑐𝑝𝑡,𝜑,𝑧), where 𝑠𝑐𝑝𝑡,𝜑,𝑧 =

⎧⎪⎨⎪⎩𝑔𝑡𝑝
𝑐𝑝
𝑡,𝑧,𝜑 if

∑︀
𝑖(𝑥𝑖,𝑡,𝑧 − 𝑔𝑖,𝑡,𝑧,𝜑) ≥ 0

−𝑔𝑡𝑝
𝑐𝑝
𝑡,𝑧,𝜑 if

∑︀
𝑖(𝑥𝑖,𝑡,𝑧 − 𝑔𝑖,𝑡,𝑧,𝜑) < 0

(5.11)

Figure 5-13 shows the distribution of network capacity values per kW of rooftop

solar (𝑠𝑐𝑝𝜑,𝑧) across the various zip codes in our sample. The black “violins” in the

plot show the distribution of values over the zip codes, the red dots show the mean

value, and the red bars show the standard deviation of the values. Several trends are

immediately clear.

1. There is wide variance in the distribution of network values, due in large part

to the alignment of the solar PV production profile with the hours of peak net

demand.

2. The marginal network capacity benefit decreases as solar PV penetration in-

creases due to the shift in coincident peaks (see Figure 5-5).

3. As solar penetration increases, peak network loading periods in some regions

begin being driven by solar PV injections, rather than demand withdrawals.

This implies that solar PV is increasing network costs at these penetrations.
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At low solar penetrations, solar PV in some areas exhibits very high network

capacity value, while in others it exhibits no or very low value. This is consistent

with other estimates of network capacity cost impacts of rooftop solar PV (Cohen

et al., 2016). The reason for the non-linearity exhibited in Figure 5-13 is that, in some

areas, once the number of households in that area with solar PV passes a certain

threshold, nearly all of the peak loading periods begin being driven by peak injections.

Thus, solar may go from driving marginal network cost reductions to driving large

marginal network cost increases with small changes in solar penetration.

Figure 5-13: Estimation of network capacity value of distributed solar PV

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.

Figure 5-14, along with Figure 5-5, provides intuition as to why we see a large dis-

tribution of potential network values of rooftop solar. Figure 5-14 plots the capacity
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factor22 of the solar PV in three areas during the areas coincident peak periods. We

see first that the capacity factor is not the same across all areas — that solar PV in

some areas is producing a larger portion of its rated capacity during the peak demand

periods at low penetrations in some areas than in others. Further, we see that as

penetration increases to moderate penetrations, the capacity factor falls across the

board. This is due to the fact that solar PV shifts the peak net demand period away

from peak solar production periods (i.e. earlier in the morning or later in the day).

Finally, in some areas, in this case zip 60053, capacity factor increases dramatically

at high penetrations. This is due to the fact that solar PV is now driving peak

network loading, and is producing at 50% of its rated capacity during these injection

periods.

5.4.2 Distribution Network Ohmic Losses Impacts

In this section I calculate the impact of solar PV in reducing or driving ohmic losses in

the distribution network on per-kW basis, referred to as 𝑠𝑙𝜑,𝑧. I multiply the marginal

loss value by solar production. In cases where solar PV injections are driving peak

loading, the marginal cost is negative (i.e. PV is driving losses). This is depicted in

Equation 5.12.

𝑠𝑙𝑧,𝜑,�̄� =
∑︁
𝑡

(︃
𝑔𝑡𝑝

𝑒
𝑖,𝑡

𝜕𝑙𝑡,𝑧,𝜑,�̄�
𝜕𝐼𝑡,𝑧,𝜑

)︃
(5.12)

Figure 5-15 shows the magnitude of cost reductions from avoided ohmic losses

22The U.S. Nuclear Regulatory Commission provides a succinct definition of capacity factor: "The
ratio of the available capacity (the amount of electrical power actually produced by a generating
unit) to the theoretical capacity (the amount of electrical power that could theoretically have
been produced if the generating unit had operated continuously at full power) during a given time
period." (U.S. Nuclear Regulatory Commission, 2019).
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Figure 5-14: Capacity factor of rooftop solar PV during peak network loading periods
for three selected zip codes

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.

in the distribution network as the penetration of solar PV increases for both the

4% and 7% average losses cases. In the plot, the dots are the mean values and the

bars are the standard deviations. The results follow the logic of the results shown

in Section 5.4.1. At low penetrations, rooftop solar PV reduces total flows over the

distribution network, reducing costs by avoiding distribution losses. However, at

high penetrations, PV injections begin driving increased losses and costs.
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Figure 5-15: Estimation of cost impact distribution loss avoidance value of dis-
tributed solar PV

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.

5.4.3 Distributional Impacts with Marginal Network Costs

In order to analyze the potential distributional impacts of a tariff with a marginal

network capacity charge, I create a tariff combining the marginal energy and losses,

network capacity, and generation capacity charges. I then recover all residual costs

through a uniform fixed charge. I calculate expenditures for each customer according

to Equation 5.13.
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𝐸𝑅𝑇𝑃−𝐶𝐶𝐶−𝐶𝑃
𝑖,𝑧,𝜑 = 𝐹𝑖,𝜑 +

∑︁
𝑡

(︃
(𝑝𝑒𝑖,𝑡

(︁
1 +

𝜕𝑙𝑡,𝑧,𝜑,�̄�
𝜕𝐼𝑡,𝑧,𝜑

)︁
+ 𝑝𝑐𝑝𝑡,𝑧,𝜑 + 𝑝𝑐𝑐𝑐𝑖,𝑡 )(𝑥𝑖,𝑡 − 𝑔𝑖,𝑡,𝜑)

)︃
(5.13)

Figure 5-16 displays the average change in annual expenditures by income quintile

under the RTP-CCC tariff with a coincident peak network capacity charge (i.e. the

RTP-CCC-CP tariff). We see again that an efficient tariff prevents cost shifts, thus

decreasing average expenditures for each income quintile. The change in slope of

savings at high penetrations highlights the fact that solar PV begins to drive costs

at high penetrations.

Figure 5-16: Average Change in Annual Expenditures By Income Quintile
RTP-CCC-CP Tariff

𝜅: Peak Demand. Azimuth: 180. Adoption Probabilities: 2016 Distribution. �̄� = 4%.
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Figure 5-17 shows the changes in average expenditures by income quintile for

adopters and non-adopters of PV. We see again that efficient tariffs, at low pene-

trations, do not shift costs between adopters and non-adopters as PV penetration

increases. We also see that the average cost savings for adopters falls as PV penetra-

tion increases, highlighting the declining marginal value of solar PV. As PV adopters

begin increasing peak network loading, costs fall for non-adopters. This is due to

the fact that marginal increases in consumption during periods of peak network in-

jections decreases costs. Note that PV adopters still reduce their energy bills on

average at high PV penetrations due to the energy and generation capacity value

of the PV installations. This implies that efficient tariffs do not fully eliminate the

economic case for PV adoption, even at high penetrations (that is, solar adopters

still save money on average at very high penetrations).

Finally, Figure 5-18 shows the change in expenditures relative to the flat tariff.

We see that average expenditures under an efficient tariff with a coincident peak

network capacity charge are roughly equivalent to expenditures under the default

tariff. Further, as with the RTP-CCC and RTP-CCC-APD tariffs, RTP-CCC-CP

tariff leads to lower costs for lower income customers as PV penetration increases.

5.4.4 Estimating avoided emissions values

Sections 5.4.1 and 5.4.2 explored rooftop solar PV’s potential impact on network

capacity and losses costs. In addition, rooftop solar PV (and other zero-emissions

resources) can offset emissions of greenhouse gas and other pollutants. In this Section

I estimate the dollar value of avoiding emissions using the marginal emissions data

introduced in Section 5.2.1. The dollar value of emissions avoided per kW of solar

PV adopted, denoted 𝑠𝑒𝑚, is calculated as: 𝑠𝑒𝑚 =
∑︀

𝑡(𝑔𝑡𝑝
𝑒𝑚
𝑡 ).
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Figure 5-17: Average Change in Annual Expenditures By Income Quintile: Adopters
vs. Non-Adopters
RTP-CCC-CP Tariff

𝜅: Peak Demand. Azimuth: 180. Adoption Probabilities: 2016 Distribution. �̄� = 4%.

Figure 5-19 displays the marginal value of avoided emissions per kW of solar

PV added, broken out by the damages model used. The black lines on each bar

represent the residual cost shift for the zero-solar penetration case (𝜑 = 0, 𝑝𝑐𝑝𝑡,𝑧,𝜑 = 0),

as discussed in Section 5.3.23 We see that the value of avoided emissions is greater

than the value of the cost shift in every case.24

23The cost shift does not depend on the damages model used.
24This confirms the findings from Borenstein and Bushnell (2018). Using a different approach

than that discussed herein, Borenstein and Bushnell (2018) find that the average value of the cost
of marginal emissions exceeds the average volumetric residual cost recovery charge in the Chicago,
IL area.
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Figure 5-18: Total Expenditures vs. 𝜑: Flat and RTP-CCC-CP Tariffs

𝜅: Peak Demand. Azimuth: 180. Adoption Probabilities: 2016 Distribution. �̄� = 4%.

There are many programs federally and within Illinois intended to spur the de-

ployment of low-carbon technologies like solar PV. For example, the U.S. federal

government provides an investment tax credit and accelerated depreciation for solar

PV. Illinois also has a renewable portfolio standard intended to spur solar and wind

deployment and remunerate these resources for their emissions avoidance values.

Thus, the fact that the emissions avoidance value exceeds the residual cost shift does

not imply that solar PV is under-valued in Chicago. Answering this question would

require a more holistic review of the magnitudes of the various support programs for

solar PV.

The data presented in Figure 5-19 provides a cautionary note. First, that PV

203



Figure 5-19: Estimation of avoided emissions value of distributed solar PV

𝜅: Peak Demand PV Case. 𝜑 = 0.

adoption in Chicago under net metering may drive cost shifts, but may not necessarily

be inefficient. That is, the average private marginal cost of energy may not exceed

the average social marginal cost of energy. However, net metering schemes may still

drive cost shifts between adopters and non-adopters as the utility changes rates to

recover its residual costs. Second, improving the efficiency of residual cost recovery

mechanisms could reduce welfare if the cost of energy does not fully internalize the

cost of externalities. This implies that in a second best world without carbon pricing,

regulators may face tradeoffs between efficiency and distributional equity.
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5.4.5 Interpreting the cost impacts of rooftop solar PV in the

context of residual cost shifts

Given the prevalence of net metering programs in the U.S., it is worthwhile to ask

how well PV remuneration under net metering programs matches PV remuneration

under an optimal tariff. Figure 5-20 compares the sum of 𝑠𝑐𝑝𝑧,𝜑 and 𝑠𝑙
𝑧,𝜑,�̄�

— the network

capacity and losses cost reductions per kW of solar — with the total residual cost

shifts under the assumption that 𝑝𝑐𝑝𝑡,𝑧,𝜑 = 0. In Figure 5-20, the black lines show the

distribution of network capacity and losses cost impacts across “feeders” (zip codes),

while the blue vertical lines show the residual cost shifts at 0%, 30%, and 60% solar

penetration. We see that, as PV’s network cost impacts shrink, the potential cost

shift rises. We also see that even at low penetrations, a net metering program in

Chicago likely over-remunerates rooftop solar PV for network cost reductions. This

latter point implies that, even under aggressive assumptions about the potential

network cost reductions of solar PV — that is, even under the assumption that

100% of distribution network costs are marginal — solar PV adoption under net

metering schemes will lead to cost shifts.

The relationship between network cost reductions and PV cost shifts under net

metering will vary by region and utility. However, in general, unless the magnitude of

PV cost reductions perfectly matches the volumetric price for residual cost reduction

by random chance, net metering schemes are likely to create cost shifts between PV

adopters and non-adopters.
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Figure 5-20: Residual cost shift vs. distribution network value

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.
�̄� = 7%.

5.5 Conclusions

This Chapter analyzes the potential distributional impacts of solar PV adoption

in the presence of inefficient and efficient rate designs. I leverage a data set of

electricity consumption for 100,170 consumers, roughly 60,000 of which live in single

family homes, and data on the income trends of distributed solar PV adoption. I

simulate PV adoption among single family homes, accounting for the propensities

of customers in different income quintiles to adopt solar. I build a simple model of

utility costs to analyze the changes in customer expenditures by income quintile as

rooftop solar PV adoption increases. I first model the distributional impacts of PV
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adoption assuming that distributed PV cannot reduce network costs before modeling

the distributional impacts assuming that all distribution network costs are marginal

in the long run according to coincident peak demand.

I find that rooftop solar PV has the potential to create substantial distributional

impacts in the presence of tariffs that inefficiently recover residual costs through

volumetric (i.e. per-kWh) charges. Rooftop solar PV adoption reduces net demand

(demand minus generation). When residual network and policy costs are recovered

through volumetric charges, this reduction in net demand creates an under recovery

of costs; charges for residual cost recovery must increase to ensure cost recovery.

Given that solar PV adopters tend to be affluent (see Figure 5-1), average expendi-

tures across all customers in the top three income quintiles decrease, while average

expenditures across all customers in the bottom two income quintiles increase under

rates with volumetric residual cost recovery. Average annual expenditures across the

entire income quintile25 for the lowest 20% of incomes increase by 6%, 18%, and

46% at 25%, 50%, and 75% rooftop solar penetrations respectively. Average annual

expenditures for non-adopters in the lowest 20% of incomes increase by 13%, 35%,

and 80% at 25%, 50%, and 75% rooftop solar penetrations respectively. Meanwhile,

customers in the top income quintile that adopt solar nearly entirely eliminate their

contributions to residual cost recovery. This very substantial impact may be occur-

ring in some locations today, as rooftop solar penetration has already reached 25+%

in some markets, including Hawaii and parts of Australia.

This cost shift does not occur under tariffs with efficient network cost allocation

and residual cost recovery. When residual costs are recovered through fixed charges,

solar PV adopters reduce their expenditures on energy and marginal generation costs,

but do not shift residual costs to other customers. As a result, average expenditures
25That is, including both adopters and non-adopters in the bottom income quintile.
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across each income quintile decrease as penetration increases. This is the result of

a decrease in expenditures for PV adopters and no change in expenditures for non-

adopters. This holds true under both the zero marginal network costs and the 100%

marginal network costs cases.

This Chapter demonstrates, at moderate to high penetrations of rooftop solar PV,

expenditures may be higher for low income customers under rates with volumetric

residual cost recovery than under rates with uniform fixed charges for residual cost

recovery. One of the primary arguments against increasing fixed charges for residual

cost recovery has been the potential distributional impacts of the increased fixed

charge. The results in this Chapter challenges this narrative. Chapter 4 highlights

progressive fixed charge designs that can alleviate concerns over the regressive nature

of uniform fixed charges. Taken together, the results from this Chapter and Chapter 4

highlight the potential benefits of increasing the efficiency of rate design.

The final issue analyzed in this Chapter — the potential impacts of a coincident

peak demand charge for marginal network capacity and an energy charge adder for

marginal distribution network losses — further highlights the potential benefits of

efficient rate design. I first design marginal network capacity and distribution loss

charges. I then calculate: 1) the potential network capacity and losses impacts of

solar PV under such charges, and 2) the distributional impacts of a tariff incorpo-

rating these charges as PV penetration increases. I find that distributed PV can

substantially reduce the costs of network capacity and losses in some areas at low to

modest penetrations. However, I find large variance in the distribution of these cost

reductions, and find that rooftop solar PV at high penetrations may increase rather

than reduce costs. I then show that an efficient rate design that incorporates these

marginal charges results in significantly lower expenditures for low income customers

at high PV penetrations than does ComEd’s default tariff. Additionally, at low PV
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penetrations, there is almost no change in the average expenditures of the bottom

income quintile under these charges.

These findings have important implications for rate design. First, that the po-

tential for PV adoption threatens to reverse the redistributional effects of volumetric

rates for residual cost recovery. New solutions — such as those highlighted in Chap-

ter 4 — are needed. Second, that rates that better reflect the time- and location-

varying value of energy may be more distributionally equitable than alternatives as

the power system incorporates higher penetrations of DERs. Finally, rates that bet-

ter reflect system costs create opportunities for adopters of DERs like rooftop PV

to save money by lowering system costs. These efficient rates avoid the potentially

undesirable distributional impacts of net metering under today’s time invariant, pre-

dominately volumetric rates.
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5.6 Chapter 5 Appendices

The simulations in this Chapter required the use of several assumptions. The

logic behind these assumptions is explained in the main text of the Chapter. This

Appendix demonstrates the impacts of the key assumptions on the results. Broadly

speaking, the assumptions do not impact the key results. That is, under all sets of

assumptions, rooftop PV adoption under inefficient rates increases average expendi-

tures for the lowest income quintile, while efficient rates do not. Nonetheless, the

sensitivities in this Appendix provide additional color and robustness to the results

presented in the main text of the Chapter.

This Appendix includes sensitivities on the following assumptions:

1. The solar adoption probabilities — that is, the likelihood that a customer in

each income quintile will adopt solar PV at each penetration level.

2. 𝑘𝑎𝑝𝑝𝑎: the size of PV systems adopted by each individual.

3. The azimuth of the solar PV system adopted by each customer — that is,

whether the systems are facing due south, southeast, or southwest.

4. The number of critical peak hours that drive network costs used in the RTP-

CCC-CP tariff.

5.6.1 Sensitivities to solar adoption probabilities

One of the major factors underpinning the distributional impacts of inefficient rates

and rooftop solar PV adoption is the distribution of incomes of solar PV adopters. As

shown in Figure 5-1, the lions share of PV adoption happens in the top three income

quintiles. However, the exact breakdown of adoption between income quintiles has
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not been constant over time. The results in the main text of this Chapter assume

that the 2016 distribution of solar PV adoption remains constant over time. The

sensitivities presented here change that assumption.

In the base case analysis in Section 5.3 (the 2016 Distribution case), we use the

2016 distribution of PV adoption. We then perform two sensitivities. In the "2008

to 2016 Trend" sensitivity, we linearly extrapolate the 2008 to 2016 changes in the

adoption rates in the bottom two income quintiles to 2040, and assume that the top

three income quintiles are all equally likely to install solar.26 In the "2000 to 2016

Trend" sensitivity, we linearly extrapolate the 2000 to 2016 changes in the adoption

rates across all income quintiles to 2040. This data is represented in Table 5.2.

There are of course infinite possible distributions of adoptions across income

quintiles. A revolution in financing or business models or a concerted policy effort

may increase the likelihood of rooftop PV adoption in the bottom income quintile

beyond what is modeled here. However, the distributions shown here cover reasonable

linear extrapolations of temporal trends and likely cover a reasonable range of likely

outcomes.

Figure 5-21 shows the change in average expenditures for each income quintile as

the penetration of solar PV increases under ComEd’s default (flat) tariff. In this case,

average expenditures for the lowest income quintile increase, but not as substantially

as they do under the 2016 Distribution Case. However, average expenditures for the

second lowest income quintile increase far more than under the 2016 Distribution

Case.

Figure 5-22 shows the change in average expenditures for each income quintile

as the penetration of solar PV increases under ComEd’s default (flat) tariff. In this

26If you extend the ‘08 to ‘16 trend through 2040 for the top income quintile, the probability of
adoption becomes negative. This is obviously not a useful result, so we modify the probabilities.
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Figure 5-21: Average Change in Annual Expenditures By Income Quintile
Default (Flat) Tariff, Income Trend Sensitivity

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2000 to 2016
Trend Case.

case, average expenditures for the lowest income quintile increase more than under

the 2000 to 2016 Trend Case, but not as substantially as they do under the 2016

Distribution Case. Average expenditures for the second lowest income quintile fall,

as this income quintile adopts a substantial share of total rooftop solar PV.

There is a crossover point in each income distribution case in which expenditures

for low-income customers are lower under a tariff with substantial and uniform fixed

charges than under the default, predominately volumetric tariff. In the 2016 Distri-

bution Case this occurred at roughly 25% solar PV adoption (see Figure 5-11). This

crossover point occurs at roughly 34% in the 2000 to 2016 Trend Case and at roughly
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Figure 5-22: Average Change in Annual Expenditures By Income Quintile
Default (Flat) Tariff, Income Trend Sensitivity

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2008 to 2016
Trend Case.

31% in the 2008 to 2016 Trend Case. The fact that this occurs in all cases indicates

that efforts to increase access to rooftop solar PV for lower-income groups may not

be able to fully counteract the cost shifting impacts of rooftop PV adoption under

inefficient rates. This is depicted in Figures 5-23 and 5-24.

Given that efficient rates do not shift costs from solar adopters to non-adopters,

the results for the efficient rates are not interesting, and I do not include them here.
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Figure 5-23: Total Expenditures vs. 𝜑: Flat and RTP-CCC Tariffs
Income Trend Sensitivity

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2000 to 2016
Trend Case.

5.6.2 Sensitivities to solar PV installation size

The results in the main text of the Chapter assume that each customer adopts a solar

PV system sized to equal their peak demand. That is, if a customer’s peak demand

throughout the year is five kilowatts, the customer would adopt a five kilowatt27

PV system. The larger the PV system, the more kWh the system produces. The

more kWh the system produces, the larger the cost shift under inefficient rates. The

impact of the sizing assumption is therefore relatively straightforward. If average PV

27Sized according to the peak alternating current (AC) output.
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Figure 5-24: Total Expenditures vs. 𝜑: Flat and RTP-CCC Tariffs
Income Trend Sensitivity

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2008 to 2016
Trend Case.

system sizes are smaller, the impact of PV adoption under inefficient rates is also

smaller. This is depicted in Figure 5-25.

Smaller PV system sizes also increases the PV penetration (𝜑) at which uniform

fixed charges for residual cost recovery result in lower expenditures for low-income

customers than do volumetric charges for residual cost recovery. This is depicted in

Figure 5-26.

Smaller PV system sizes would also increase the PV penetration at which rooftop

PV begins to increase rather than decrease costs.
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Figure 5-25: Average Change in Annual Expenditures By Income Quintile
Default (Flat) Tariff, PV Size Sensitivity

𝜅: Annual Consumption PV Case. Azimuth: 180. Adoption Probabilities: 2016
Distribution Case.

5.6.3 Sensitivities to solar PV systems’ azimuths

Solar PV system production is maximized when facing true south (roughly a PV

system azimuth of 180 degrees). The energy output of a PV system with an azimuth

of 180∘ will peak around solar noon, which is roughly equal to true noon in most

locations. The annual energy output of PV systems facing southeast (azimuth of

135∘) or southwest (azimuth of 225∘) will be less than that of systems facing 180∘.

The energy output of a PV system facing southeast (azimuth of 135∘) will peak before

solar noon, while the energy output of a PV system facing southwest (azimuth of
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Figure 5-26: Total Expenditures vs. 𝜑: Flat and RTP-CCC Tariffs
PV Size Sensitivity

𝜅: Annual Consumption PV Case. Azimuth: 180. Adoption Probabilities: 2016
Distribution Case.

225∘) will peak after solar noon.

The impact of alternative azimuths on total cost shifting is relatively straightfor-

ward. Just as in the PV sizing sensitivities, lower aggregate production leads to lower

overall cost shifting. However, because peak demand and prices change throughout

the day, the impact of azimuth on losses and marginal network capacity costs is less

straightforward. This Appendix Section focuses on these latter impacts, as these are

the more interesting impacts.

Figures 5-27 and 5-28 show the distributions of network capacity values per kW

of rooftop solar (𝑠𝑐𝑝𝜑,𝑧) across the various zip codes in our sample. The black “violins”
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in the plot show the distribution of values, the red dots show the mean value, and

the red bars show the standard deviation of the values. Comparing the results in

these Figures to the results in Figure 5-13, the impact of azimuth on the potential

network cost reduction of rooftop PV becomes clear. The average cost reduction

under azimuths of 135∘ is substantially lower (nearly 66% lower) than the average

cost reduction under azimuths of 225∘. This is due largely to the fact that residen-

tial demand tends to peak well after 12:00PM in Chicago, and thus the maximum

coincident demand peaks are more concentrated in these later afternoon hours. This

indicates that if planners or developers were interested in maximizing the network

cost reduction value of rooftop PV, they would favor west-facing roofs or sites. This is

consistent with the existing literature on the value of PV (see, for example, Hummon

et al. (2013)).

Figures 5-29 and 5-30 show the magnitude of cost reductions from avoided ohmic

losses in the distribution network as the penetration of solar PV increases for both the

4% and 7% average losses cases. In the plot, the dots are the mean values and the bars

are the standard deviations. Comparing the results in these Figures to the results in

Figure 5-15 provides insight into the role of PV system azimuth in distribution-level

ohmic losses reduction. We see that southwest facing systems provide greater loss

reduction value than do southeast or south facing systems. The logic follows the

logic outlined above for the network capacity cost reductions. Residential demand

peaks in the afternoon, so reducing afternoon flows reduces losses to a greater degree

than reducing flows at other times of the day.
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Figure 5-27: Estimation of network capacity value of distributed solar PV
Azimuth Sensitivity

𝜅: Peak Demand PV Case. Azimuth: 135. Adoption Probabilities: 2016 Distribution
Case.

5.6.4 Sensitivities to the number of critical peak hours

The last key sensitivity is the number of critical peak hours that are assumed to drive

distribution network costs. In Section 5.2.2, I calculate the network cost impact of a

marginal kWh of consumption or production, assuming that the top 200 half-hourly

periods of demand drive distribution system capacity costs. Today, distribution

systems are typically sized to meet demand in the single highest demand hour, plus

some margin. Should network costs be considered marginal according to the single

peak demand hour? Networks must also be able to operate in all hours — should
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Figure 5-28: Estimation of network capacity value of distributed solar PV
Azimuth Sensitivity

𝜅: Peak Demand PV Case. Azimuth: 225. Adoption Probabilities: 2016 Distribution
Case.

network costs be considered to be marginal across all hours of demand? The answer

to these questions is outside the scope of this dissertation. Nonetheless, this Section

highlights the impact of changing the assumed number of coincident peak hours that

drive distribution network costs.

Figures 5-31 and 5-32 show the distribution of network capacity cost reduction

values of rooftop PV assuming that distribution network costs are marginal across

the top 100 half-hourly periods (50 hours) and 400 half-hourly periods (200 hours)

respectively. For context, the New York Department of Public Service compensates

distributed solar PV units for potential distribution network cost reductions based
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Figure 5-29: Estimation of cost impact distribution loss avoidance value of dis-
tributed solar PV
Azimuth Sensitivity

𝜅: Peak Demand PV Case. Azimuth: 135. Adoption Probabilities: 2016 Distribution
Case.

on their production during roughly the top 240 hours of peak demand throughout

the year (See New York Department of Public Service (2019)). Comparing with

Figure 5-13 provides interesting insight into the impact of increasing the number of

coincident peak hours. We see that, in this case study, increasing the number of

peak demand hours in which network costs are considered to be marginal slightly

increases the average network capacity cost reduction impact of rooftop solar PV.

Likewise, decreasing the number of peak demand hours slightly decreases the cost

reduction impact. While the impacts are relatively limited, they are noteworthy.
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Figure 5-30: Estimation of cost impact distribution loss avoidance value of dis-
tributed solar PV
Azimuth Sensitivity

𝜅: Peak Demand PV Case. Azimuth: 225. Adoption Probabilities: 2016 Distribution
Case.
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Figure 5-31: Estimation of network capacity value of distributed solar PV
Coincident Peak Sensitivity

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.
100 Coincident Peak Half-Hourly Periods.
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Figure 5-32: Estimation of network capacity value of distributed solar PV
Coincident Peak Sensitivity

𝜅: Peak Demand PV Case. Azimuth: 180. Adoption Probabilities: 2016 Distribution Case.
400 Coincident Peak Half-Hourly Periods.
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Chapter 6

Discussion and Conclusions

6.1 Summary

This Thesis explored the distributional impacts of efficient and inefficient electricity

rates, and designed methods to improve distributional outcomes without sacrificing

economic efficiency. The rise of distributed energy resources has placed electricity

tariffs at the fore of regulatory debates world wide. Despite a recognized need for

reform, regulators have made little progress towards the implementation of more

efficient rates. The potential distributional impacts of transitioning from today’s

rates to more efficient designs have been one of the primary roadblocks preventing

progress.

Using a dataset of electricity consumption for 100,170 residential customers in

the Chicago, Illinois region, this Thesis underscores the potential consumer surplus

benefits of transitioning to more efficient rates. This Thesis demonstrates that the

potential economic gains from shifting to a truly economically efficient tariff – one

with fixed charges for residual cost recovery and short run marginal energy prices
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equal to marginal costs — swamp the potential economic gains from more modest

transitions to efficient energy prices only. However, transitioning to a tariff with

uniform fixed charges for residual cost recovery is shown to be highly regressive,

raising costs for low income customers substantially. However, progressive fixed

charges are shown to eliminate these distributional impacts while maintaining the

economic efficiency gains. These findings present a potential path forward for rate

design.

Rooftop solar PV adoption under tariffs with inefficient, volumetric residual cost

recovery are shown to create substantial distributional challenges: PV adoption under

such tariffs increases expenditures substantially for non-adopters, which tend to be

predominately lower income customers. Tariffs with efficient residual cost recovery

mechanisms avoid these distributional impacts. These findings underscore the need

to reconsider rate design in a world with DER adoption.

6.1.1 Balancing distributional equity and economic efficiency

As described in detail in Chapter 2, economically efficient electricity tariffs reflect

the time and location-varying social marginal cost of energy. However, charging (or

paying) the social marginal cost for consumption (or production) decisions leaves

a set of “residual” network and policy costs — costs that must be recovered but

cannot be attributed to any individual consumer or producer. These residual costs

are ideally recovered in such a way as to minimally distort marginal consumption or

production decisions. In most cases, this implies recovering these costs through fixed

charges.

The implementation of tariffs that meet the above criteria has been stymied in

part by the fact that such tariffs may be regressive with respect to income: that is,
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they may increase expenditures for low income customers while decreasing expendi-

tures for higher income customers. However, this is simply an outcome of the rate

design, and is not inevitable. This Thesis demonstrates that simple changes to fixed

charge designs make it possible for regulators to improve the economic efficiency

of retail tariffs without harming distributional equity. In other words, the goals of

economic efficiency and distributional equity need not be in conflict.

Chapter 4 assesses the consumer surplus gains and distributional impacts of tran-

sitioning several different rate designs. We explore a tariff with a time- and location-

invariant energy price; a time- and location-invariant energy price combined with

a non-coincident peak demand charge; a “critical peak price” tariff with volumetric

residual cost recovery and energy prices that increase during periods of system stress;

a “volumetric” real-time energy price that charges the short run marginal energy cost

but recovers residual costs through per-kWh charges; and a design with economically

efficient marginal energy prices and a uniform fixed-charge for residual cost recovery.

Our findings are as follows:

1. Any rate transition will create winners and losers. While some customer seg-

ments experience lower (or higher) expenditures on average from a transition,

there is a distribution of impacts within each segment. This means that individ-

ual customers within a broader customer segment that experiences a decrease

in average expenditures may experience an increase in individual expenditures

(and vice versa).

2. Updating the energy component of the tariff to better reflect the real-time

marginal costs of energy has the potential to modestly benefit low-income cus-

tomers on average (1% to 5% of expenditures). This is potentially due to the

fact that low-income customers tend to have fewer of the appliances that drive
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peak demands.

3. Transitioning to uniform fixed charges1 for residual cost recovery is likely to

increase expenditures for low-income customers on average. This is due pri-

marily to the fact that low-income customers tend to consume less electrical

energy than their more affluent counterparts.

4. If customers respond to prices — even if only in a limited fashion —, nearly

all socioeconomic groups are likely experience average consumer surplus ben-

efits in the transition to an efficient tariff. Note that this can be true even if

expenditures increase for certain groups.

5. The recovery of residual network and policy costs through volumetric rates

appears to be a larger economic distortion than the recovery of energy costs

through time invariant rates.

In short, efficient tariffs have the potential to create substantial economic gains.

However, a naïve implementation with uniform fixed charges is likely to be regressive.

This regressivity is a matter of fixed charge design. Simple deviations from uniform

fixed charge designs can mitigate some or all of the undesirable distributional impacts

of transitioning to an efficient rate design. The economics of residual cost recovery

is akin to the economics of taxation. Due to the existence of non-convex costs

that cannot be efficiently allocated to individual users’ marginal consumption or

production decisions, there is a wide array of potential fixed charges for residual cost

recovery, all of which have equal or approximately equal economic efficiency.

We demonstrate three possible mechanisms for economically efficient residual

cost recovery that alleviate the distributional challenges of uniform fixed charges.
1That is, the fixed charge for customer 𝑖, 𝐹𝑖, is equal to the fixed charge for customer 𝑗, 𝐹𝑗 , ∀

𝑖, 𝑗, 𝑖 ̸= 𝑗.
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We explore two possible designs under the assumption that regulators do not have

full information about the incomes of their customers and one design under the

assumption that regulators can observe income.

First we explore how regulators could design fixed charges based on observable

electricity demand characteristics that correlate strongly with income. For example,

we highlight that a customer’s peak demand correlates much more strongly with

income than does consumption. Fixed charges based on the rolling average of a

customer’s historical peak demand would be substantially more progressive than

uniform fixed charges (see Figure 4-8).

Next, we demonstrate that designing fixed charges based on geography — that

is, assigning lower fixed charges to low-income areas — can protect low-income cus-

tomers from expenditure shocks with lower error rates than existing needs-tested

programs such as the Low-Income Home Energy Assistance Program. While these

ideas are not common in the U.S., many jurisdictions have geographically specific

charges today (e.g. Colombia).

Finally, we explore the possibility of designing charges based directly on income.

We describe two progressive bill protection schemes. We explore simply implement-

ing discounted fixed charges for low-income customers (this scheme aligns with the

model developed in Chapter 2). We also describe implementing caps or limits on

changes in expenditures for low-income customers (one could think of this as in-

surance implemented exclusively for low-income customers). While discounted fixed

charges are relatively simple mechanisms, these mechanisms tend to have larger ex-

penditure impacts on non-low-income customers than the bill cap protection scheme.

However, while bill caps have relatively small impacts on non-low-income customers,

they may not provide efficient marginal signals to all protected customers (that is,

a customer that expects to have their bill capped may effectively face zero marginal
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costs for consumption).

6.1.2 Rooftop solar PV adoption and rate design

Chapter 5 assesses the income distributional effects of rooftop solar PV adoption un-

der alternative rate designs. The Chapter leverages the data introduced in Chapter 4

as well as data on the income trends of distributed solar PV adoption, extracted

from Seel et al. (2018). Chapter 5 details the simulation of rooftop PV adoption

by customers living in single family homes under different assumptions about the

propensities of customers in different income quintiles to adopt solar. Chapter 5

builds a simple model of ComEd’s costs, and uses this model to analyze the average

changes in customer expenditures by income quintile as rooftop solar PV adoption

increases.

A key uncertainty in assessing the distributional impacts of PV adoption is the

total quantity of residual network costs. Chapter 5 introduces a method to assess

upper and lower bounds on the potential distributional impacts in light of this uncer-

tainty. Specifically, Chapter 5 first details the distributional impacts of PV adoption,

assuming that all network costs are residual. This implies that distributed PV can-

not reduce network costs, and that PV adoption under inefficient rates leads to a

larger degree of cost shifting. Chapter 5 then models the distributional impacts as-

suming that all distribution network costs are marginal in the long run according to

coincident peak demand — in other words, that none of the distribution facilities

costs2 are residual. This implies that PV adoption can reduce network costs, and

that PV adoption is likely to lead to a lower level of cost shifting. In reality, it is

likely that a small fraction of distribution network costs can be deferred or avoided
2Note that this excludes the costs of metering, transmission, and other costs that ComEd defines

as customer-related.
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by PV adoption,3 and that the realized distributional impacts will fall between these

two bounds.

The results from Chapter 5 demonstrate that rooftop solar PV has the poten-

tial to create substantial distributional impacts in the presence of inefficient tariffs.

ComEd’s default tariff — like the majority of tariffs in the U.S. and Europe today

— recovers residual costs, policy costs, and taxes through volumetric (i.e. per-kWh)

charges. When a customer adopts rooftop solar, this customer reduces their net

load. This reduction in net load reduces this customer’s contribution to the recov-

ery of residual network costs, policy costs, and taxes. In order to meet its revenue

requirement, the utility must increase charges for residual cost recovery. Given that

the vast majority of solar PV adopters are relatively affluent4, as PV penetration

increases, the average expenditures of all customers in the top three income quin-

tiles decreases. On the other hand, average expenditures across all customers in the

bottom two income quintiles increase. In short, under inefficient rates, PV adopters,

who are predominately affluent, benefit at the expense of non-adopters, who are

predominately lower-income.

Under ComEd’s default tariff, average annual expenditures across all customers

with the lowest 20% of incomes5 increase by 6%, 18%, and 46% at 25%, 50%, and

75% rooftop solar penetrations respectively. These average numbers mask costs

shifts between adopters and non-adopters in the same income quintile. Average

annual expenditures for customers that don’t adopt solar PV in the lowest 20%

of incomes increase by 13%, 35%, and 80% at 25%, 50%, and 75% rooftop solar

penetrations respectively. This implies that, at very high penetrations of rooftop

3See Cohen et al. (2016)
4roughly 80% of solar PV adopters are in the top three income quintiles
5That is, including both adopters and non-adopters in the bottom income quintile.
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solar, expenditures for low-income customers could nearly double. On the other hand,

solar adopters in the top income quintile nearly entirely eliminate their expenditures.

While 75% solar penetration is unlikely to occur in the near term in many loca-

tions, rooftop solar penetration in some locations today is already at or above 25%.

For example, many urban areas in Australia, Hawaii, and California have rooftop so-

lar penetrations approaching or above 25% of households, and the California Public

Utilities Commission has mandated that all new homes built in California have solar

PV installed.

Efficient tariffs eliminate the possibility of a residual cost shift, eliminating the

distributional impacts of rooftop PV adoption.6 When residual costs are recov-

ered through fixed charges, solar PV adopters reduce their expenditures on energy,

marginal generation, and marginal network costs, but do not reduce their contribu-

tions to the recovery of residual network costs, policy costs, or taxes. This eliminates

the residual cost shift. As a result, average expenditures across all income quintiles

decrease as penetration increases.

Importantly, Chapter 5 demonstrates that expenditures may be higher for low

income customers under rates with volumetric residual cost recovery than under rates

with uniform fixed charges for residual cost recovery at moderate to high penetrations

of rooftop solar PV.7 In other words, Chapter 5 shows that today’s rates may actually

be more regressive than alternatives as PV adoption increases. When viewed in

concert with the results from Chapter 4, the results from Chapter 5 highlight the

need for and potential benefits of increasing the economic efficiency of rate design.

This observation about efficient tariffs holds true regardless of the assumptions

6More precisely, efficient tariffs eliminate the possibility of distributional impacts through the
tariff. The subsidy schemes used to incentivize PV, etc., may still create distributional impacts.

7When between 20% and 75% of single family homeowners have adopted rooftop solar PV.
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used about the quantity of residual costs. Chapter 5 first introduces a rate design

incorporating charges for marginal network capacity and distribution losses. Chap-

ter 5 then analyzes: 1) the potential impacts of solar PV on distribution network

losses and network capacity costs under this tariff, and 2) the distributional impacts

of a tariff incorporating these charges as rooftop solar PV penetration increases.

Chapter 5 shows that distributed PV can substantially reduce the costs of network

capacity and losses in some areas at low to modest penetrations (5% of households

to 25% of households). However, there is substantial variance in the distribution of

these cost impacts. That is, in some areas, PV can substantially reduce network

costs, while in others, PV provides no potential network cost reduction. Addition-

ally, at high penetrations, rooftop solar PV adoption begins to create increases in

peak network loading in certain locations, increasing, rather than reducing, network

costs. We find again that an efficient rate design leads to lower average expenditures

for low-income customers than does ComEd’s default tariff at high penetrations of

solar PV.

The results of Chapter 5 have profound implications for rate design. These results

show that the historical arguments for recovering residual costs through usage-based

charges no longer hold in a world in which customers can adopt DERs. One of

the primary arguments against decreasing volumetric charges and increasing fixed

charges for residual cost recovery has been that such a transition will be regressive. In

Chapter 4 we showed that this does not need to be the case, and that the regressivity

of a rate design change is a matter of design. In Chapter 5 we showed that today’s

rates are not necessarily more distributionally equitable than more efficient tariffs as

PV adoption increases.
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6.2 Contributions

This Thesis creates one piece of a path forward on rate design. The implementation

of more efficient electricity rates has the potential to save Americans and Europeans

billions of dollars annually. There are many components of a politically and socially

acceptable tariff. Ensuring that the tariff protects vulnerable customer groups has

historically been one of the primary goals of regulators. The goals of economic

efficiency and distributional equity were historically seen as being in conflict. This

Thesis demonstrates that this does not need to be the case.

This Thesis has three primary contributions to the practice of rate design and

power system regulation:

1. This Thesis provides a granular view into the distributional impacts of rate

reform along two dimensions. First, the data leveraged for this Thesis allow

for more detailed insights. Previous studies have examined the distributional

impacts of rate reform using aggregate data such as monthly consumption and

have not used the full distribution of incomes provided in data sources like the

U.S. Census Bureau’s American Community Survey. By analyzing impacts us-

ing half-hourly demand and analyzing detailed distributions of socioeconomic

variables, this Thesis provides more detailed and actionable information than

previous studies. Half-hourly consumption and geographic data allows us to

estimate marginal distribution losses and assess coincident peaks in ways pre-

vious studies have not been able to assess. Second, this Thesis explores a full

suite of tariff reforms, including both transitioning to more time granular en-

ergy prices and higher fixed charges. Previous analyses have focused on one

aspect of efficient rates. Our more in depth analysis enables us to understand

the consumer surplus benefits of transitioning to more efficient rates in much
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more detail than previous assessments.

2. This Thesis demonstrates methods to improve economic efficiency and distribu-

tional equity of rates. This thesis demonstrates several methods for improving

distributional equity without distorting marginal signals. Other methods for

improving the distributional equity of rates — such as increasing-block prices

— provide moderate redistribution at substantial economic cost. Further, other

methods may no longer deliver their intended benefits in a world with increas-

ing DER penetration. The methods introduced in this Thesis could be adopted

by regulators in many jurisdictions.

3. Finally, this Thesis quantifies the potential distributional impacts of rooftop

solar PV adoption under inefficient rates. While many analysts have com-

mented on the potential for DER adoption to create undesirable distributional

outcomes, no study to date has quantified the potential magnitude of these

impacts. The methods introduced in this Thesis to assess the distributional

impacts of rate design could be applied by utilities or regulators in other juris-

dictions to assess the impacts in these regions.

Collectively, these insights are important for a power sector currently struggling to

evolve to enable a more digitized and decentralized power grid. Regulators globally

have recognized the need to reform pricing. Deepening the understanding of how

reforming — or failing to reform — rates will impact different customer groups is a

critical step on the path to improvement.
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6.3 Future work

Rate design is a complex and evolving issue. Rate design touches on issues of power

systems engineering, optimization, political economy, behavioral economics, tech-

nological innovation, neoclassical economics, and public economics. There is room

for substantial improvement on the state of knowledge with respect to rates. This

Section highlights several concurrent trends and discusses how these trends create

opportunities for future research beyond what this Thesis has explored. This is not

intended to be an exhaustive review of potential future research.

Price signals and industry structure: As highlighted in Chapter 1, tariffs

are playing a new role in power systems. As DERs enable millions of residential

and small commercial network users to become owners and operators of assets that

impact the power system, tariffs must help coordinate these actors’ investment and

operation decisions. Uncoordinated investments and operations raises the likelihood

of poorly allocated resources and higher than necessary costs. In the face of other

systemic challenges such as the need to decarbonize the power system while ensuring

reliability and resilience against increasingly powerful storms, any misallocation of

resources could ultimately slow progress. As detailed in this Thesis, the price signals

needed to ensure a well coordinated system are likely to be much more complex than

today’s tariffs.

One key question not addressed in this Thesis is who is the right actor to receive

these price signals? That is, should consumers be confronted with tariffs that convey

the full marginal cost of energy at any point in time, and thus manage the complexity

inherent to these price signals? In practice, regulators may be unwilling to expose

customers to complex and volatile prices. Should retailers or other load serving

entities receive these price signals on behalf of customers? Should automated devices
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receive these signals on behalf of customers? The answer to this question is tied to

issues of behavioral economics, retail market regulation, and the politics of rate

design.

Load serving entities (LSEs, i.e. retailers, aggregators, and distribution utilities)

may be able to manage this volatility on behalf of customers. However, in order

for this to be efficient, regulators must change the regulatory paradigm for these

LSEs. Improving the settlement rules for LSEs would improve incentives for LSEs

to pass on efficient price signals (Chao and Wilson, 1987; Joskow and Tirole, 2006,

2007). Joskow and Tirole (2006) demonstrate how settling LSEs based on average

load profiles — as is currently common in the U.S. — provides no incentives to pass

on efficient marginal cost based price signals. Similarly, Borenstein and Bushnell

(2015) highlight how poor imbalance settlements provide poor incentives for LSEs

to properly schedule their customers in wholesale markets. Chao and Wilson (1987)

demonstrate how targeted curtailment of customers that have not procured sufficient

capacity (directly or through a load-serving entity) helps customers internalize the

value of reliability and induces efficient price response in peak price hours. In sum,

ensuring LSEs are fully financially responsible for the customers they serve and

enabling targeted customer curtailment would dramatically improve incentives. This

would result in either LSEs passing through efficient price or creating alternative

mechanisms to minimize the cost of servicing their customers.

If, due to behavioral biases or other factors, customers are not able or willing

to respond to marginal price signals, consumers may respond more efficiently to

information other than the tariff. Load serving entities may be able to process the

information embedded in the tariff and identify efficient notification and information

structures for customers. The proper role of retailers in future energy — and the

influence of behavioral economics on efficient rate design — are important areas for
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future research.

Automated devices have demonstrated the ability to respond far more effectively

to prices than individuals alone (Bollinger and Hartmann, 2017). Many have imag-

ined a system relying on “prices to devices,” in which flexible loads or aggregations of

flexible loads interact with markets and price signals to improve efficiency (Schweppe,

1978; Schweppe et al., 1980; Caramanis et al., 2016). In practice, this may not be

very different from consumers receiving price signals directly. There are of course

many different ways for the information associated with the tariff to be presented in

customer bills, etc., and customers do not necessarily need to see the full complexity

of the tariff.8

Political economy and solutions to political challenges. This Thesis has

addressed one aspect of the regulatory and political challenges associated with ef-

ficient tariffs. A more complete accounting of the political economy of rate design

could help regulators and policy makers navigate reform efforts. Methods to organize

beneficiaries and compensate losers of rate changes deserve further research.

Recent history has demonstrated that transitioning away from today’s rates will

be challenging, not solely because of issues related to distributional equity. In par-

ticular, efforts in the United States to reform net metering laws9 have proven to

be politically contentious and challenging. These reforms change the remuneration

structures for DERs, often reducing the profitability of DERs; as a result, DER

owners and the businesses that deploy these DERs have aggressively pushed back

8One could imagine, for example, that automated, flexible loads receive and respond to the full
tariff, while customers only receive information pertaining to the average price paid, the total bill,
and, for example, strategies to save money in future bills (“set your dishwasher to run at noon” or
“consider installing a battery to manage peak demands”).

9Net metering laws guarantee that DER owners are paid the retail rate for any power produced
by their DER, no matter when or where this power is produced. For example, if, under the retail
tariff, a customer pays $0.10 per kilowatt-hour (kWh) of consumption, a DER could either offset
the bill by $0.10 per kWh of production, or get paid $0.10 per kWh of injection.
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against attempts to reform, regardless of whether or not these reforms would deliver

net benefits to rate payers.

In most cases, pricing reforms stand to benefit nearly all customers in the long run.

However, while some customers may experience immediate expenditure benefits, the

system-wide benefits of decreased costs aren’t immediately realized in the short run.

Additionally, costs — for example, to DER suppliers who are now less profitable, or

to customers experiencing higher expenditures — are born in the short run. This

combination of diffuse and intangible benefits and concentrated and immediate costs

is inherently politically challenging.10 As a result, regulators and other proponents

of reform would benefit from continued exploration of the impacts of rate reform, as

well as from linking to the political economy literature on how to overcome collective

action challenges.

The role and structure of price signals in a decarbonizing and decen-

tralizing grid. As the penetration of intermittent, zero-marginal cost resources like

wind and solar power, the nature of electricity prices is likely to change. Already

today, renewables penetration is leading to increasing price volatility throughout the

day (Bushnell and Novan, 2018). In the future, hours with very low or zero marginal

costs may become the majority or plurality of hours. This is likely to increase the

gap between marginal and average prices and increase the impact of residual cost

allocation methods (as the percent of total costs that are residual rises).

Additionally, as more and more resources connect to distribution networks as op-

posed to transmission networks, the role of price signals within distribution networks

will grow. There are many computational challenges and institutional challenges

that must be overcome for efficient marginal price signals at the distribution level

10In this sense, this problem shares many characteristics with other collective action problems
(Olson, 2009).
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to emerge (Burger et al., 2019b). Nonetheless, increasingly locationally-granular

information will be critical to the future power system.

In sum, marginal costs are likely to be increasingly volatile, frequently low or zero,

and increasingly locationally granular in the future. Research into the challenges for

rate design that these conditions create will be valuable.
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