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Resumo

Mecanismos de incentivo à geração distribuída de pequeno porte têm se disseminado em
setores elétricos em todo o mundo. No Brasil, este tipo de iniciativa foi regulamentada em 2012,
e tem levado a um crescimento exponencial no número de unidades consumidoras que escolhem
investir em “telhados solares” e outras iniciativas de geração distribuída. A velocidade de adoção
desses sistemas tem implicações importantes para o planejamento da expansão do sistema elétrico
e para a tarifa de energia – em particular afetando os consumidores que continuam a ser supridos
pela rede elétrica.

Este trabalho em primeiro lugar apresenta um exercício econométrico buscando descre-
ver os parâmetros de preferência governam a escolha dos consumidores entre adotar ou não um
sistema de geração distribuída. São avaliadas duas abordagens: uma abordagem paramétrica
em que aplica-se o modelo de difusão de tecnologias de Bass (comumente usado no contexto de
disseminação acelerada da geração distribuída) e uma abordagem fundamentalista que utiliza
hipóteses menos estritas sobre o formato da curva de adoção. Estes dois modelos resultaram
em parametrizações coerentes entre si, e são usados para apresentar previsões caso a política de
incentivos no Brasil permaneça constante. Neste contexto, avalia-se o custo incorrido pela socie-
dade quando os adotantes da geração distribuída não pagam pelos custos fixos da rede elétrica,
bem como a característica regressiva desta política (que beneficia principalmente consumidores
de alta renda).

Adicionalmente, é apresentada uma análise do ponto de vista do regulador – admitindo
que este pode fixar os preços percebidos pelo consumidor final tanto para a rota convencional
(compra de energia diretamente da rede) quanto para a rota de geração distribuída (aquisição
de um sistema independente, possivelmente com um pagamento adicional à empresa distribui-
dora de energia). Determina-se qual a estratégia de precificação que maximiza o bem-estar da
sociedade levando em conta a resposta dos consumidores a estes sinais de preço, tanto para o
caso geral quanto aplicado à realidade do mercado de geração distribuída brasileiro.

Palavras-chave: Geração distribuída, Escolha discreta-contínua, Mercado de eletricidade, Di-
fusão tecnológica
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Abstract

Incentive mechanisms for small-scale distributed generation have been disseminated in
electricity sectors all over the world. In Brazil, this type of initiative has been regulated in 2012
and has led to an exponential growth in the number of consumer units that choose to invest
in rooftop solar systems and other distributed generation initiatives. The speed of adoption of
these systems has important implications for planning the expansion of the electricity system
and for the energy tariff – in particular, affecting consumers who continue to be supplied by the
electricity grid.

The present work firstly presents an econometric exercise seeking to describe the prefer-
ence parameters that govern consumers’ choice between adopting or not a distributed generation
system themselves. Two approaches are evaluated: a parametric approach that applies the Bass
technology diffusion model (commonly used in the context of accelerating distributed generation
adoption) and a fundamentalist approach that uses less strict assumptions about the shape of
the adoption curve. These two models result in mutually coherent parameterizations, and are
used to present predictions of future adoption, in case the current incentive policy in Brazil
remains constant. In particular, we evaluate the costs incurred by society when the adopters of
distributed generation do not need to pay for the fixed costs of the electricity network, and the
regressive characteristic of this policy (which mainly benefits high-income consumers).

Furthermore, an analysis from the regulator’s point of view is presented – assuming that
a central entity can fix the prices perceived by the final consumer both for the conventional route
(purchase of energy directly from the grid) and for the distributed generation route (acquisi-
tion of an independent system, possibly with an additional payment to the energy distribution
company). The pricing strategy that maximizes society’s well-being is determined, taking into
account the response of consumers to these price signals, both for the general case and applied
to the reality of the Brazilian distributed generation market.

Keywords: Distributed generation, Discrete continuous choice, Electricity market, Technology
diffusion
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1 Introduction

The topic of distributed generation adoption is of major interest for policymakers around
the globe, as technology advancements and greater conscientiousness from consumers has enabled
them to procure their own small-scale generation units rather than purchasing power from the
grid. In Brazil in particular, a relatively generous “net metering” policy offered to consumers
that opt for the distributed generation option has led to profound discussions on the pros and
cons of such policies, and the present thesis presents a relevant and timely contribution to this
debate. The present thesis is broken into three main chapters, each one of which is intended to
be read and eventually published as standalone papers.

Chapter 2 is centered around the assessment of a parameterization for the Bass diffusion
model, originally proposed by Bass 1969 and which has been very influential for the modeling
of technological innovation (and the dissemination of distributed generation in particular). This
type of model has been applied, for example, in Sigrin, Michael Gleason, et al. 2016, Dong, Sigrin,
and Brinkman 2017, Kurdgelashvili et al. 2019, as well as for the Brazilian case in particular in
EPE 2019. To the best of the authors’ knowledge, however, no other econometric assessment has
presented the same level of detail presented in this work, with a highly granular representation
of adoption over time, geographical regions, and consumer classes. This chapter also provides
a modified version of the Bass diffusion model that allows for the representation of a potential
market that increases over time following a stepwise function – an innovation that allows for a
better representation of how the model fits with the historical data. The regressions carried out
provide a robust set of results that suggest that “imitation” may play an outsized role in the
Brazilian distributed generation market, and the parameterization obtained allows for running
a number of forecasting exercises in order to assess the long-term consequences of the Brazilian
policy.

Chapter 3 proposes an alternative modeling approach that does not require assuming
that the Bass diffusion model holds. Rather, this exercise follows in the footsteps of the funda-
mentalist economic literature, in line with the works of Berry, Levinsohn, and Pakes 1995 and
Arcidiacono and Ellickson 2011 – and, in the context of distributed generation in particular,
Groote and Verboven 2019. Both econometric models studied in this thesis involve consumers
making rational choices: however, in the Bass-inspired model, there is an additional “market
friction” term that keeps consumers from adopting an economically-attractive innovation imme-
diately, whereas in the fundamentalist model the innovation disseminates gradually over time
due to the existence of time-dependent preference shocks. This paper also demonstrates that
there is a relationship between the coefficients of the Bass diffusion models and the represen-
tation of the preference parameters as a function of time in the fundamentalist model (this
time-dependency is typically represented as statistical fixed effects, but can also be interpreted
as a polynomial function of time). In addition to providing an independent confirmation to the
results obtained in the first set of econometric analyses, the model presented in this chapter also
incorporates the role of socioeconomic variables on consumers’ preferences and adoption rates,
thus allowing for an addiitonal assessment of the distributional effects of the current distributed
energy policy.

In turn, Chapter 4 follows the economic tradition of the theory of regulation literature
and assesses the topic of distributed generation from the point of the policymaker. In this
model, the policymaker is a price-setting entity able to set the pricing policy for both available
supply routes (conventional supply from the electricity grid and self-supply from a distributed
generation system). An important contribution from this thesis is the specification of the optimal
pricing policy in the general case where consumers face a discrete-continuous choice. Applying
these general principles to a parameterization of the Brazilian reality, it is possible to deepen
our understanding of the consequences of the Brazilian distributed generation policy in terms
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of welfare costs and to compare the current pricing policy with alternative welfare-maximizing
policies. This chapter also explores in more detail mechanisms for the recovery of fixed costs
and transfers from the distribution company to the government (in the form of a tax surplus)
or from the government to the distribution company (in order to compensate for an operating
loss).

Chapters 2 and 3 in particular are closely related, as they represent two independent and
fundamentally different approaches to assess the same essential problem. Table 1 summarizes
some of the key points of contrast of the two empirical methodologies implemented on each of
the two respective chapters.

Table 1: Key elements of the core econometric methodologies applied in chapter 2 (Bass-inspired)
and chapter 3 (fundamentalist)

Methodologies Bass-inspired Fundamentalist

Data dimensions 8 consumer classes,
38 Distcos, 19 quarters

4073 municipalities,
5 years

Consumer classes
Local and Remote versions of
Residential, Rural, Medium-
Voltage, Other Low-Voltage

Local Residential only

Preference and shocks Static preferences, frictions
govern adoption over time

Preference shocks at each
point in time

Time effect parameters Bass-inspired parameters
q and r

Polynomial coefficients for
time fixed effect

Demographic variables? Not represented Represented

2 Diffusion model assessment

2.1 Introduction

In the 21st century, an increasing emphasis on peer-to-peer transactions and decentraliza-
tion has been revolutionizing industries across the world, and the electricity sector in particular
has started to show signs of a similar transformation. A defining feature of the electricity sector
in the past has been its significant economies of scale, which justified the historical organization
of the industry with a clear separation between “power producers” as service providers and “con-
sumers” as offtakers. As technological advancements allow consumers to more closely monitor
their real-time consumption and even export energy to the grid using their own smaller-scale
equipment (such as rooftop solar panels or batteries), the role of the “prosumer” emerges. In
this context, it is highly desirable to be able to foresee how exactly this transformation may take
place, and how it may be accelerated or slowed down by the regulation of the electricity sector.

This paper presents an econometric assessment of how Brazilian consumers have behaved
with regards to the adoption of rooftop solar systems since the introduction of the country’s
“net metering” regulation in 2012. This regulation allows consumers to subtract the amount
they exported to the grid from the amount they took in order to calculate how much they owe
to the utility company - allowing consumers to essentially choose between paying the cost of the
rooftop system upfront (effectively reducing their electricity bill during the project’s lifetime) or
paying the electricity tariff over that same period.

The adoption of rooftop solar systems in particular is an interesting case study because
it is one of the first transformations likely to become viable in a large scale, in a context of
moving towards a more decentralized electricity sector – subsequent “waves” of innovation could
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involve the dissemination of smart heating and cooling, electric vehicles that may interact with
the grid, and battery storage systems, for example. Contrary to most conventional generation
technologies, solar systems are relatively cheap to scale down to a size compatible with a small
commercial consumer’s needs (or even a residential consumer). In addition, solar panels can be
placed virtually anywhere, as opposed to other small-scale generation sources such as biogas or
small hydro which are typically strongly tied to a specific location. The effect of private solar
systems in reducing net demand is also relatively easy to measure and to valuate, with most
countries having introduced some sort of regulation for distributed generation facilities (such as
net metering). Finally, yet another interesting feature is that rooftop solar has only emerged as
an alternative for consumers relatively recently, driven by the impressive cost decreases of the
technology over the past decade and by the introduction of regulation that gave legitimacy to
these initiatives. As a consequence, in many cases it is possible to study the dissemination of
small-scale self-supply solar systems from the very beginning (or close to it), which can perhaps
give further insights on additional innovations that may yet come.

Features of the dissemination of rooftop solar distributed generation have been studied
in the literature: see, for example, Kurdgelashvili et al. 2019, Sigrin, Michael Gleason, et al.
2016, Dong, Sigrin, and Brinkman 2017. However, most of these studies have focused on the
experience of the United States (and of the state of California in particular). Evaluating whether
the underlying assumptions of those models can be easily translated in a broader set of contexts
(in terms of regulatory framework, socioeconomic background, quality of the renewable resource,
and other elements) is a worthwhile endeavor, and as such one of the contributions of the present
paper is to implement the methodology to the Brazilian case, which can help provide insights on
the nature of the underlying economic model and on the applicability of these models to other
countries and realities.

2.2 Background

2.2.1 The Brazilian electricity sector

Brazil operates a liberalized electricity sector with wholesale competition. Large con-
sumers (with a demand of at least 0.5 MW 1) are allowed to participate in the deregulated
market, bilaterally negotiating contracts directly with generators or energy trading companies.
Consumers below this threshold, as well as any larger consumers which opt not to participate
in the free market, can only purchase electricity from the distribution company (Distco) respon-
sible for supplying a given concession area. Besides operating this retail service for regulated
consumers as a regulated monopoly, these Distcos are also responsible for the electricity distri-
bution infrastructure in their concession area, and deregulated consumers that are physically
connected to the distribution network must remunerate the Distco for its “wire tariff” (repre-
senting a portion of the full retail tariff, as will be addressed in section 2.2.2). In total, around
30% of the total country demand participates in the free market, which implies that 70% is
subject to the regulated retail tariff – and are therefore potential clients for the Brazilian dis-
tributed generation regulation. Figure 1 highlights the concession areas of the largest Distcos in
Brazil, which cover more than 99% of the country area and around 99% of the total regulated
electricity market.

For a simplified view of the Distcos’ tariff structure, it is possible to categorize consumers
into five main consumer classes (Residential, Commercial, Industrial, Rural, and Public Services
and three voltage levels (low-voltage, representing anything below 2.5 kV, high-voltage, repre-
senting anything above 25 kV, and medium-voltage). While this breakdown is slightly different

1Consumers with a demand between 0.5 MW and 3 MW may only participate in the free market under specific
conditions, and can only purchase electricity from renewable sources
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Figure 1: Concession areas of the main Brazilian Distcos. Source: own ellaboration based on
ANEEL data

from what the regulation effectively uses (in particular, consumer classes such as Public Lighting
and Self-Consumption have been bundled into the “Public Services” consumer group; and the
voltage classes A1, A2, and A3 are all considered part of the “high-voltage” group), it is an
effective way of synthesizing the data, as represented in figure 2. As depicted, the residential
sector (low-voltage) is the most significant portion of Distcos’ market, representing around 45%
of Distcos’ demand, followed by the low-voltage commercial sector with around 15% and the
medium-voltage commercial and industrial sectors with around 9% each – and these fractions
don’t vary too much across the different distribution companies (represented as the different
columns), though there is some variation. It’s also worth noting that, in practice, very few
high-voltage consumers are serviced by the regulated tariff, as in almost all cases they prefer to
operate in the deregulated market (as is to be expected).

Figure 2: Breakdown of the total regulated demand serviced by Distcos in 2017. Source: own
ellaboration based on ANEEL data

This breakdown into consumer classes and voltage levels is important not only due to
behavioral differences (notably, between residential units and decision makers in competitive
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industrial and commercial sectors) but also due to the economic incentives they face in the
form of the electricity tariff – as both of these elements play a key role in driving adoption of
distributed generation, which will be the main focus of the present paper. It’s worth highlighting
that, even though the consumer class usually does not affect the tariff charged from consumers
connected to the medium or high voltage, Distcos’ low-voltage tariffs do distinguish between
residential use (B1), rural use (B2), and all other uses (B3) – and therefore, their economic
incentives ought to be analyzed separately (as addressed in section 2.2.2).

Figure 3 highlights the participation of various consumer classes in the total installed
capacity of distributed generation (DG) in Brazil at two moments: in 2018, when the country’s
DG installed capacity was 660 MW, and in end 2020, when this capacity had surpassed 4800
MW. With the seven-fold increase in total DG installed capacity in this period, there are some
notable shifts: in particular, the solar technology proves increasingly dominant (with the share of
non-solar technologies falling significantly), while the share of residential and rural low-voltage
consumers has increased the most. Throughout this paper, we will focus our attention on the
first four categories of consumer depicted in figure 3, representing three separate groups of low-
voltage consumers plus a group of medium-voltage consumers. It is not surprising that adoption
rates of the high-voltage consumer group are small, considering that most of these consumers
have already opted to join the liberalized electricity market – the benefits of DG adoption are
only available to regulated consumers purchasing electricity according to a Distco’s tariffs.

Figure 3: Breakdown of the total DG installed capacity per consumer group, in end 2018 and
end 2020. Source: Source: own ellaboration based on ANEEL data

One additional classification not represented in figure 3 is the distinction between adopters
that build the DG unit where they are located VS ones that are registered to receive the produc-
tion credits of a DG unit located elsewhere on the Distco’s concession area (a distinction often
abbreviated to “Local” VS “Remote” DG self-production). Each of those categories can further
be subdivided between units that benefit only a single consumer/owner and DG units with
shared ownership, for a total four modalities of DG supply foreseen by the regulation. Within
each of the consumer classes highlighted in figure 3, typically adopters of Remote self-production
account for 20% to 25% of the total adopters.

2.2.2 Tariff structure and distributed generation incentives

The Brazilian regulation on distributed generation was first introduced by the regulatory
authority ANEEL in April 2012 with the publication of Resolution 482, which introduced the

5



possibility for consumers to benefit from a “net metering” scheme when investing in distributed
generation (DG). The mechanism proposed stated explicitly that all electricity exported to the
grid from DG facilities would be subtracted from the amount owed to the distribution companies.
Later resolutions would make adjustments, without changing this core concept – and therefore,
the economic benefit for a consumer to adopt the DG supply option is intimately tied to the
electricity tariff (representing the cost offset from produced electricity).

Distcos’ electricity tariff is regulated and calculated based on a methodology determined
by the regulator and that takes into account the costs effectively incurred by the distribution
company, incentives to efficiency, and several other elements. The total electricity tariff can be
broken down into three main components (or six subcomponents), as depicted in figure 4. A
fourth component would be taxes, which is entirely separate – taxation is subject to legislation
of the federal government and of each of the individual Brazilian states, and is not subject to any
decision from the electricity regulatory authority. It’s worth noting that the breakdown shown in
figure 4 is only approximate, roughly representative of an average across Distcos of the electricity
tariff level for a typical low-voltage consumer: some Distcos have systematically higher or lower
tariffs than others, and the breakdown can also differ in other consumer groups or voltage levels
(components pertaining to distribution system charges and losses, for example, tend to be lower
for medium- and high-voltage consumers). In a very general sense, the basic tariff design is
such that the TE component remunerates the variable costs of supplying electricity, whereas the
TUSD (including the TUSD-D and TUSD-E subcomponents) serves to remunerate the Distco’s
“fixed costs”.

Figure 4: Example breakdown of the total regulated tariff for a typical residential consumer in
2017. Source: own elaboration based on ANEEL data

For medium- and high-voltage consumers, the TUSD-D component is charged in pro-
portion to the maximum instantaneous demand contracted with the Distco in kilowatts (and
thus we may refer to this component as the “D portion” of the tariff), while the TUSD-E and
TE components are charged in proportion to the energy consumed in kilowatt-hours (and thus
we may refer to both collectively as the “E portion” of the tariff). For low-voltage consumers,
the same breakdown into TE, TUSD-D and TUSD-E exists as part of the tariff calculation
methodology, but the entire retail tariff is charged on a volumetric basis (per kilowatt-hour).
This distinction between medium-voltage consumers that pay a two-part tariff and low-voltage
consumers that pay a one-part tariff immediately implies that these two consumer groups will
perceive different price incentives to adopting DG.

According to the Brazilian DG regulation, medium-voltage and high-voltage consumers
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must still pay the TUSD-D in proportion to the peak demand they have contracted regardless
of whether or not they are adopters of DG (this is known as the “availability cost”), and thus
the benefit of DG for medium-voltage consumers is concentrated on the E-portion of their tariff.
In principle, these consumers could actually reduce the D-portion of their tariff payment as a
consequence of adopting DG, in case they can be sure that they will only consume their peak
demand at times when the DG system is producing (for example, around noon) – however, given
the uncertainty in the availability of the solar resource, these opportunities tend to be limited.

In contrast, low-voltage consumers can offset the entire retail tariff in proportion to the
delivered DG on their marginal consumption. For these consumers, the “availability cost” is con-
verted into a minimum level of net electricity demand that will be charged by the distribution
company each month. This minimum level depends of the physical characteristics of the elec-
tricity supply (30 kWh in case of single-phase supply, 50 kWh for 2-phase supply, and 100 kWh
for 3-phase supply). In practice, most large-demand consumers that do adopt the DG option are
supplied by 3 electrical phases (and thus face a minimum demand of 100 kWh). In practice, this
minimum charge does not affect the marginal incentive to adopt the DG option, and the ultimate
effect of this mechanism is that adopters will tend to build slightly smaller-scale DG systems
compared to their gross demand, as the last 100 kWh consumed can never be compensated. In
case low-voltage consumers export too much electricity to the grid (more than the maximum
that can be offset from their electricity bill in a given month), this surplus will be registered by
the Distco and may be consumed within a period of up to 60 months.

In summary, the marginal benefit of distributed generation for low-voltage consumers
can be thought of as being essentially equal to the sum of the TE, TUSD-E and TUSD-D
components of the retail tariff, whereas for medium-voltage consumers it is merely equal to
the TE plus the TUSD-E (that is, both components that are charged on a per-kWh basis).
Despite the more generous incentive for low-voltage consumers, it should be noted that there is
an effect of economies of scale that may partly offset this downside – seeing that medium-voltage
consumers can typically build larger DG units (units up to 5 MW can be contemplated by the
Brazilian net metering regulation).

Yet another subtlety of the Brazilian tariff mechanism that interacts with the DG regu-
lation is with regards to time-of-use electricity tariffs. As summarized in table 2, consumers are
given a choice regarding how they wish to be charged across hours. Low-voltage consumers can
opt for either the “conventional” tariff (with no time-of-use signals) or the “white” tariff, which
applies a higher price to consumption at peak hours; while the medium-voltage consumers can
opt for the “blue” tariff with a mild time-of-use signal or the “green” tariff with a much stronger
signal. Note that, in practice, over 90% of medium-voltage consumers opt for the “green” tariff
option, whereas virtually 100% of residential consumers use the conventional tariff (the white
tariff was only introduced in Brazil relatively recently, in 2018). It’s also worth noting that the
“peak” hours represent a period of 3 consecutive hours on each business day (so most hours are
classified as off-peak hours). This period is defined by each individual Distco (with the regulator’s
approval), and are typically set at around 7 pm.

Table 2: Summary of Brazilian tariff structures and time-of-use incentives

Voltage level Tariff mode Tariff ratio:
peak VS off-peak

TE ratio:
peak VS off-peak

Low-voltage Standard 1 1
“White” 2 2

Medium-voltage “Blue” 1.5 1.72
“Green” 6 1.72

High-voltage “Blue” 1.5 1.72
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For consumers that pay a tariff differentiated by time-of-use, the net metering mechanism
applies the same distinction between peak and off-peak hours to evaluate energy consumed
and surplus generation exported to the grid. However, rather than using the same price ratio
perceived by the end consumers, the ratio of the TE component is used to determine the baseline
for the “exchange rate” between consumption and DG delivery at peak and off-peak hours (both
ratios are represented in table 2, as “tariff ratio” and “TE ratio” respectively). This means that,
as depicted in table 2, surplus electricity from DG units exported to the grid during off-peak
hours can be used to offset excess consumption from a medium-voltage consumer at peak hours,
but only at a rate of 1.72 to one (the “TE ratio”). Conversely, a unit of surplus electricity
delivered during peak hours can offset 1.72 units of excess consumption at off-peak hours. In
practice, however, because peak hours are typically concentrated at nighttime when there is no
solar generation, a fair assumption is to consider that surplus DG output is always delivered at
off-peak hours.

Note that both tariff modes for medium-voltage consumers (the “blue” and “green” tariff)
have the same TE ratio, which is not true among low-voltage consumers. Because solar DG is
typically produced during off-peak hours, the “standard” (also known as “conventional”) tariff
mode is significantly more advantageous to DG adopters than the “white tariff” mode, which
implements time-of-use charging. In addition to this clear incentive effect, white tariff adoption
among Brazilian low-voltage consumers is very low – which implies that it is reasonable to
consider that all adopters of solar DG face the incentives implied by the standard tariff (with
no differentiation between peak or off-peak surpluses of demand or DG).

Yet another relevant topic is taxation: for the purpose of the present paper, we are
considering that all taxation benefits are applied directly proportionally to the cost offset due
to the DG adoption. For example, if taxation represents 30% of the total electricity tariff but
the medium-voltage consumer (due to the time-of-use effects described above) can offset 80%
of its electricity tariff with the adoption of a DG unit, the taxes portion of the electricity bill
will be reduced in the same proportion. This does seem to be the usual practice across all
Brazilian states, although in practice the decision on how to implement the tax benefits of the
net metering policy has involved some degree of back and forth with the state governments
since the publication of the original Resolution 482. The states’ council of finance ministries
did publish a resolution authorizing the states to grant exemptions of the state tax (ICMS)
on the electrical energy supplied under the Brazilian net metering mechanism (and by 2018,
all 27 Brazilian states had become signatories), although further interpretations are possible –
particularly regarding changes made to the net metering regulation after the publication of the
original resolution.

2.2.3 Proposed regulatory alternatives and their economic incentives

The Brazilian net metering regulation has been the object of much controversy, especially
after adoption rates began to accelerate. At the center of the discussion is to what extent the
benefit offered is overly generous (especially to low-voltage consumers, which can offset 100% of
their electricity tariff in proportion to surplus distributed generation exported to the grid), and
to what extent this subsidy is justified by externalities and other benefits of DG adoption. These
elements have been addressed by the regulator in various technical studies (see, for example,
ANEEL 2018), and the net metering regulation has recently been the object of multiple public
consultations: most notably, CP10/2018 in mid-2018, AP01/2019 in early 2019, and CP25/2019
in late 2019.

More recently, in 2020 and 2021, the topic has become politically contentious, largely as
a result of interested parties that strongly campaigned against making changes to the current
mechanism. These agents claimed that reducing the benefits to DG adopters would be tanta-
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mount to “taxing the sun”, and their lobbying efforts led to the proposition of Bill 5829 in the
Brazilian Congress. This bill aims to organize a few aspects of DG net metering (such as creating
a centralized account to handle the effective cross-subsidies), but crucially it also proposes a very
gradual tapering out of the net metering benefit over a period of several years: essentially main-
taining the current incentives to DG adoption over a significantly extended period (although
the precise dates have been subject to change during negotiations in the legislative houses). The
regulator has indeed always defended the paradigm that there should be a transition period, and
that consumers that had already joined the net metering scheme should have their investments
protected to some extent. However, the regulatory proposal currently in Bill 5829 is significantly
more generous than previous proposals for transitioning to other alternatives.

In the public hearings carried out by the Brazilian electricity regulator in 2018 and 2019,
the discussion of possibilities for revising the incentives to DG adoption was centered around six
so-called “Alternatives” numbered 0 through 5 and representing increasingly strict definitions
of the tariff offset (and increasingly less generous benefits for DG adopters). Each Alternative
involves incrementally subtracting tariff components (among the ones depicted in figure 3) from
the benefit that a DG adopter could access per unit of surplus electricity exported to the grid,
functioning as follows. Note that each Alternative builds upon the previous ones, and that (as
highlighted in section 2.2.2), taxation is not considered a part of the electricity tariff for the
purpose of calculating this breakdown, as it receives a separate treatment regardless of the
Alternative adopted.

• Alternative 0 represents the current state of affairs of the net metering regulation for
low-voltage consumers, in which 100% of the tariff may be offset

• Alternative 1 implies that the first component of the TUSD-D, “Fio B”, would no longer
be offset. Bill 5829 does not propose to go any further than Alternative 1 (even though
the regulator had previously discussed stricter alternatives)

• Alternative 2 implies that the second component of the TUSD-D, “Fio A”, would no longer
be offset either. It’s worth noting that all medium-voltage consumers are effectively already
operating under this Alternative, as they cannot offset their TUSD-D components

• Alternative 3 implies that the first component of the TUSD-E, “Demand charges”, would
no longer be offset either. This is the first Alternative that may impact medium-voltage
adopters.

• Alternative 4 implies that the second component of the TUSD-E, “Losses”, would no longer
be offset either

• Alternative 5 implies that the first component of the TE, “Energy charges”, would no
longer be offset either – leaving only the “Energy Tariff” in the strictest sense, representing
effective costs of purchasing electricity by the Distco.

Even though the current political climate suggests that the country will implement no
more than Alternative 1 for the foreseeable future (according to the proposal from Bill 5829),
the complete framework including all six Alternatives provides a useful benchmark for assessing
the effective subsidies being directed at DG adopters under the current mechanism. Note that
electricity purchases (the last component remaining once Alternative 5 is implemented) are
indeed a variable cost from the distribution company’s point of view – seeing that building
additional solar DG units would indeed reduce the Distco’s needs to procure electricity from
private players in the generation sector, it seems fair to offset adopters’ electricity tariff by
this amount. However, most other tariff components correspond essentially to fixed costs of
the distribution company – and it’s worth noting that DG adopters are still using the Distco’s
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physical assets to export surpluses to the grid and draw electricity to cover their excess demand
according to their consumption profile (as depicted in figure 5).

Figure 5: Example daily profiles of DG production and consumption, highlighting simultaneous
consumption in yellow

It’s also worth noting that, in case a particular adopter has a consumption profile that
is very similar to their demand profile (represented by the yellow overlap region in figure 5 being
particularly large), it in practice exchanges only minor amounts of electricity with the grid, and
thus there could be an argument they should contribute less to the fixed cost of remunerating
the distribution company’s assets. This has indeed been a concern addressed by the Regulator
in the 2019 Public Hearings: the proposal is that the reduced tariff benefit of Alternatives 1
through 5 is only applied to electricity that is effectively borrowed from the grid (and then given
back at different times). In practice, the consumer would continue to pay the full tariff for the
electricity imported from the grid at times of excess consumption (in blue in figure 5) and would
receive the reduced benefit (including only some components of the tariff) at times of surplus
DG production (in red in figure 5). At times when DG production occurs simultaneously to
consumption (shown in yellow), the consumer would no longer need to draw electricity from the
grid at those moments, and thus the cost offset of DG output at those times is effectively equal
to 100% of the electricity tariff. Preliminary estimates by the regulator indicate that residential
consumers would typically have a “simultaneity factor” between 35% and 45% (see ANEEL 2019,
ANEEL 2018) – representing the percentage of the demand that correspond to the yellow region
in figure 5. This implies that, even under the stricter Alternatives, consumers would effectively
benefit from their reduced use of the electricity network.

This possibility of benefiting from simultaneity would not be available to Remote self-
supplied units (in which the DG is not located at the same consumption unit), however. Even
though current rules allow virtually the same incentives to apply to Local or Remote DG appli-
cations, a differential treatment such as the one implied by this proposed mechanism actually
has merit given the physical reality of these two types of adoption: local DG adopters with high
simultaneity factors use the distribution grid much less than Remote DG units (or local units
with low simultaneity).

One element that is not modeled explicitly in the present study is that a consumer unit
could potentially take advantage from the simultaneity factor by reducing the size of the DG
system they build. For simplicity, we implicitly consider in our analyses that consumers will
choose to build a DG system that’s large enough to cover most of the consumer unit’s average
load. Due to the typical profile of solar generation, this implies excess generation at midday, and
a simultaneity factor of around 38.9% as recommended by ANEEL 2019. A possible refinement
that could be carried out in future work on the level of individual adopters is to account for the
fact that the adopter could choose a system size that is more compatible with their consumption
level at midday, thus covering a smaller share of their electricity consumption and increasing the
cost of the system due to the loss of economies of scale, but increasing the simultaneity factor.

10



2.2.4 Historical movements and drivers of adoption

The history of incremental installed capacity added each quarter since the introduction
of the DG regulation in Brazil is highlighted in figure 6. The combination of economic and
regulatory factors has led to a few “eras” that can be identified: (i) a “slow start” in 2012 to
2015, (ii) a “vegetative growth” period from 2015 to early 2019, (iii) a “boom” in 2019 an up to
the first quarter of 2020, and (iv) a “slowdown” after the second quarter of 2020. It merits noting
that the most recent phase is only a “slowdown” if compared to the quasi-exponential growth
trend that had been observed up to that point, and that the Covid-19 pandemic (which struck
Brazil precisely between the first and second quarters of 2020) certainly played a significant role
in this slowdown. The presence of a quasi-exponential accelerating behavior of adoption rates
prior to the pandemic stage also suggests that the theory of diffusion of innovations (as will be
discussed in section 2.3.1) represents a good methodological framework for assessing adoption –
this is in line with the findings of other authors that have studied the DG market in Brazil and
abroad, in works such as Sigrin, Michael Gleason, et al. 2016, EPE 2019, and Kurdgelashvili
et al. 2019.

Figure 6: Historical evolution of the cumulative DG installed capacity. Source: Source: own
ellaboration based on ANEEL data

Figure 7 illustrates the key historical economic drivers of this accelerating adoption,
represented by the typical solar system cost compared to the Brazilian average tariff. Note that
the two quantities are plotted in different axes, and that one represents continuous monthly
payments while the other represents a one-time investment: nonetheless, this historical time series
helps to highlight the relationship between the trends of these two price variables (which will be
represented in much more detail, for each Distco and each consumer class, in the econometric
analyses). In particular, since early 2016 the price of the DG solar system has been steadily
dropping while the electricity tariff has been steadily rising, indicating a marked increase in the
economic attractiveness of the DG solar option. The high price of solar in the early years of the
DG regulation has almost certainly been a contributor to the “slow start” of DG adoption in
Brazil. During that time, only consumers that valued the “green” attribute of solar DG highly
would choose to adopt the system, whereas in recent years the economic incentive alone is a
major driver of adoption even for consumers that don’t particularly value greenness (this is also
in line with findings by Sigrin and Drury 2014).

In the context of this “slow start”, Resolution 687 from November 2015 introduced
several innovations, and in particular also the possibility for adopters to benefit from Remote
DG units not installed in their own consumer units. Even though this regulation has certainly
expanded the potential market (to consumer units that do not have suitable rooftop space),
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Figure 7: Historical evolution of the electricity tariff and of the levelized cost of the DG solar
system for low-voltage commercial consumers (average across Distcos). Source: PSR

as highlighted in section 2.2.1 Remote DG represents only 20% to 15% of total adopters. This
behavior suggests that, rather than regulatory incentives, the economic driver has been more
prominent in allowing the country to overcome its slow start and begin a phase of accelerating
DG adoption.

It’s worth noting that the changes in the general economic environment since the publi-
cation of Resolution 687 is part of what motivated the regulator to start studying the possibility
of reducing the economic benefit to DG adopters (as discussed in section 2.2.3). On the other
hand, it is possible that the very discussion of Alternatives by the regulator has been a driver of
the “boom” in DG installations identified in 2019 – a possibility that we will test empirically in
section 2.4.3. In a technical note published along with the documents of the AP01/2019 Public
Hearing (ANEEL 2018), the regulator recommended the implementation of Alternative 2 for
Local DG units and Alternative 5 for Remote DG units as soon as a new regulation was pub-
lished (originally foreseen for January 2020). One exception made was that consumers that had
already adopted DG and/or that had already submitted their full requests to connect planned
DG systems to the distribution grid by the time this revised regulation is published could con-
tinue to operate their systems under the previous rules (Alternative 0). Thus, the expectation of
a regulatory change reducing the benefit of DG adoption may have caused a race to obtain ac-
cess permits in the allotted time, leading to higher-than-usual adoption rates in 2019. The more
recent 2021 bill may also have had some influence, though the much less aggressive schedule
suggests that the incentive for consumers to anticipate adoption is much smaller.

It’s also worth noting that, prior to 2016, the ecosystem of companies offering DG instal-
lation services in Brazil was much less developed and data availability was much more sparse,
which meant that several key assumptions had to be made regarding the cost of a solar system
during this period. In particular, because most available cost benchmarks involve imported equip-
ment and are nominated in US dollars (or other foreign currencies), the exchange rate shock that
strongly devalued the Brazilian real in 2015-2016 was assumed to be essentially passed through
to end consumers. In 2020, however, despite the fact that the solar DG equipment continues
to be mostly imported and despite once again a severe devaluation of the Brazilian currency,
almost no price hikes were passed through to end consumers. This recent experience illustrates
that the segment of Brazilian DG installers have reached a certain degree of maturity, being
capable of absorbing currency shocks to a significant extent.
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2.3 Methodology

The model effectively used for the econometric analyses in the present paper is presented
in section 2.3.3. Sections 2.3.1 and 2.3.2 present a review of representations commonly used in
the literature for modeling DG adoption, providing important context to the theoretical and
empirical construction of the model used throughout the present paper.

2.3.1 Introducing the Bass diffusion model

A theoretical model commonly used to represent the spread of new products in a market
is the so-called Bass diffusion model as initially proposed in Bass 1969. This highly influential
model has been reviewed, for example, by Chandrasekaran and Tellis 2007 and N. Meade and
Islam 2006, and it has spawned numerous theoretical and practical extensions over the decades.
In its original form, the highly parcimonious Bass diffusion model represents the evolution of
the number of adopters over time, N(t), as being dependent on essentially three parameters:
the long-term maximum adoption N∞, a so-called innovation rate p, and an imitation rate q.
Usage of this model has been prominent in marketing research as a useful way of estimating
the speed of dissemination of new products as they arrive in the market, as it is in particular
capable of modeling the typical S-shaped curve of a product’s life cycle. The curve of cumulative
sales (or cumulative adoption in the case of DG) is S-shaped, which implies that incremental
sales each period can be expected to reach a peak before slowly decreasing once again; and in
the early stages of the dissemination sales can appear to be exponentially increasing. Bass’s
diffusion model has often been used in particular to model distributed generation adoption
in the literature: references such as Sigrin, Michael Gleason, et al. 2016, Dong, Sigrin, and
Brinkman 2017 and Kurdgelashvili et al. 2019 have included econometric estimates of Bass
model parameters focused on markets in the USA. Studies such as ANEEL 2018 and EPE 2019
have also applied this type of model to make forecasts for distributed generation in the Brazilian
market.

The fundamentals of the Bass diffusion model describe the evolution of adopters over
time by implicitly assigning a probability of adoption to all potential adopters that have not yet
adopted at time t. The number of remaining “potential adopters” is thus equal to (N∞ − N(t)),
and the incremental evolution of N(t) over time will be proportional to this remaining potential
market. The rate of adoption, in turn, depends on an “innovation term” in p representing a
constant probability of adoption for the agents, plus an “imitation term” in q representing a
probability of adoption that increases with the share of consumers that have already adopted
at that time. The differential equation that governs this process is, therefore, as highlighted in
equation (1).

dN(t)
dt

= (N∞ − N(t)) ·
(

p + q · N(t)
N∞

)
(1)

The process described by the Bass equation implies that, even though the total number
of adopters will eventually converge towards N∞, this adoption does not happen immediately,
possibly due to information effects or similar market frictions that make consumers not immedi-
ately aware of an opportunity that is economically attractive to them. Note that the coefficient q
implicitly reflects the probability that the potential adopter will interact with (and be influenced
by) an agent that has already adopted the DG solution. The coefficient q can thus be interpreted
as a “probability of interacting” with other agents, noting that imitation can only be successful
if this interaction happens with an agent that has already adopted the DG system in the past.
Assuming that all interactions are equally likely, each individual will interact with an adopter
of the DG solution with probability equal to the total share of adopters at a given point in time
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– which is why this fraction appears multiplied by q in equation (1).

Because the differential equation indicates that the probability of adoption through
imitation is simply proportional to the number of adopters up to that point, the Bass model
implicitly suggests a “fully connected network” of interactions throughout society in which all
possible interactions are equally likely. Alternative models, such as the ones explored by Van
der Bulte and Stremersch 2004 and Bertotti, Brunner, and Modanese 2016, propose slightly
different assumptions for the structure of the interaction network between agents that lead
to interesting variations to the Bass diffusion model; or that can to strategies involving more
detailed agent-based modeling representations (as discussed, for example, in Kiesling et al. 2012).
Nonetheless, the parsimony of the Bass model, its long history of usage in the literature and
its proved accuracy in modeling adoption for a broad range of products across many industries
(particularly in a context where there isn’t enough available data to represent interactions in
detail) make this model an excellent benchmark for analyzing the adoption of solar DG in Brazil.

If the potential market N∞ is a constant, the differential equation of the Bass model
admits an analytical solution, as depicted in equation (2). Even though the original paper Bass
1969 originally proposed a simple ordinary least squares regression in Nt−1 and N2

t−1 in order
to approximate the coefficients p and q based on the finite-differences representation of equation
(1), later authors proposed improvements to this method. Although Bass’s empirical approach
could indeed allow for calculating the three parameters N∞, q and p based on the regression
coefficients (including the intercept), this method was prone to yielding negative signs to the
relevant parameters, which would have no clear physical significance. As reported in Srinivasran
and Mason 1986, Chandrasekaran and Tellis 2007 and N. Meade and Islam 2006, empirical
assessments strongly suggest that nonlinear regression methods based on explicitly representing
the analytic solution of the Bass differential equation yield superior results compared to the
original OLS approach. This wisdom of the diffusion model literature has been incorporated
into the present paper’s empirical strategy (as described in section 2.4.2).

N(t) = N∞ · Fs,r(t) = N∞ · 1 − e−(p+q)·t

1 + q
p · e−(p+q)·t (2)

2.3.2 Introducing maximum adoption as a function of payback

In classic implementations of the Bass diffusion model, N∞ is merely a parameter (much
like p and q) that can be estimated using statistical techniques. Even though this is a fair
approach in cases where N∞ is much smaller than the total population, such as for estimating
sales by a given appliance store or of a particular music album by a given artist (applications
that also commonly use the Bass diffusion model), in the context of DG it becomes important
to assess this parameter as a fraction of the total market N total. Throughout this paper, we
will refer to this ratio N∞/N total by the greek letter φ: a ratio φ equal to one would represent
that all consumers would end up adopting the rooftop solar supply option if given enough time
(only limited by the characteristics of the diffusion process as discussed in section 2.3.1). It
seems reasonable to consider that the total share of consumers φ that would eventually adopt
the DG option will be a function of the economic attractiveness of the solar DG option (relative
to continuing to pay the electricity tariff).

Several authors have sought to incorporate information on economic attractiveness into
the parameters of the Bass model in several ways (see, for example, Robinson and Lakhani
1975, Bass, Krishnan, and Jain 1994, and the review of N. Meade and Islam 2006), although the
approach that seems to have the strongest track record in DG applications in particular seems
to be the practice of describing a relationship between the maximum long-term adoption ratio φ
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and an aggregate “payback” metric of economic attractiveness that synthesizes information on
the cost of the solar system and the “avoided costs” associated with purchases at the electricity
tariff. This approach has been used, for example, in Sigrin, Michael Gleason, et al. 2016, and
even in official forecasting studies carried out in Brazil such as EPE 2019.

The payback represents the number of years before the system purchase “breaks even”
with the avoided recurring cost of the electricity tariff, without considering any discount rate.
Because it relates an upfront cost (the cost of purchasing the DG solar system) to a flow of
payments over time (the cost of purchases from the electricity grid), its unit of representation
is in years (until complete cost recovery). There is some evidence (as reported, for example,
by Sigrin and Drury 2014) that individual consumers do use this metric when making their
decisions on whether or not to adopt the system, although there is major uncertainty in these
behavioral results. For the purpose of the present paper, we will define the payback as a simple
price ratio, as depicted in equation (3). This equation involves three key inputs: the investment
cost of the solar system k (in Brazilian reais per kW), the expected output of the solar system
η (in equivalent full capacity hours per year), and the avoided electricity tariff p0 (in Brazilian
reais per kWh). Note that p0 already incorporates all subtleties and effects described in sections
2.2.2 and 2.2.3.

This representation as a simple ratio is a good approximation for the “true” payback as
long as (i) the upfront investment cost represents virtually all costs of the DG route and (ii)
the cost offset from the DG system’s operation is constant each year. These are both reasonable
approximations of reality for DG, and they have the benefit of not requiring building a complete
financial model (although a more detailed financial model would simply corroborate that such
a representation is reasonable – see Cunha 2021b).

τ =
k

η · p0
(3)

Figure 8 illustrates some of the empirical curves commonly used in the literature to de-
scribe maximum potential adoption N∞/N total as a function of system payback. It is noticeable
that there is a significant degree of divergence between the references (particularly for paybacks
in the range from 5 to 10 years), which creates an element of uncertainty for forecasting long-
term adoption and justifying the elaboration of country-specific studies. There is a general lack
of data on φ over a broad range of payback levels that could allow for the empirical valida-
tion of these curves – a difficulty that is made even more pronounced by the fact that, by the
very nature of the diffusion model, the potential adoption rates cannot truly be observed (only
approximated by extrapolating diffusion trends towards infinity).

One particular family of functions used to relate market share and payback involves ex-
ponentially decreasing curves, as depicted in equation (4). This particular family of solutions has
been studied on a theoretical basis by Robinson and Lakhani 1975, and empirically a parameter
γ̃ = −0.3 was proposed by Beck 2009 (this particular parameterization is labeled “RW Beck”
in figure 8). In EPE 2019, a semi-empirical approach was adopted in which the free parameter
γ̃ was determined based on historical data in Brazil, and was found to lie between −0.25 and
−0.4 for different consumer groups.

φ =
N∞

N total
= exp (γ̃ · τ) (4)

Much like EPE 2019, the present paper will also propose an econometric approach to
parameterizing the relationship between price and the potential market. However, with the
goal of proposing an economic interpretation for the choice of parameterization, we will opt
for a slightly different specification for this relationship, as depicted in equation (5). This new
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Figure 8: Illustration of the relationship between economic attractiveness (“payback”) and max-
imum adoption rate. Source: Sigrin, Michael Gleason, et al. 2016

expression for N∞ is derived from the classic econometric logistic model, with a negative γ
coefficient representing consumers’ price responsiveness (much like γ̃ was expected to be negative
in equation (4)). Given the many uncertainties in the empirical definition of this curve (as
evidenced for the relatively broad range of curves highlighted in figure 8), we find that this change
in specification has little cost in model fitness while significantly improving the interpretability
of the results from an economic standpoint (as we will explore in section 2.3.3.

φ =
N∞

N total
=

exp (α + γ log τ)
1 + exp (α + γ log τ)

(5)

A comparison of the proposed logistic model with Beck 2009’s exponential model is
presented in figure 9. Note that, because the logistic model has two parameters rather than only
one, it offers greater flexibility for fitting the model to reality. Furthermore, it is usually possible
to find parameters α and γ that closely approximate the exponential curve within the relatively
narrow range of payback values that are effectively observed in the DG market (even though the
curves will have different characteristics for more extreme payback values). This interpretation
also allows for more precisely identifying the role of price-dependency in particular.

Figure 9: Comparison of models of payback-dependency: Beck 2009’s exponential model VS this
paper’s logistical model
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2.3.3 Proposed economic model of adoption

The model used in this paper has certainly been inspired by the past literature on the
diffusion of technologies via innovation or imitation (as seen in section 2.3.1) and on classic rep-
resentations of the long-term potential market as a function of payback (as presented in section
2.3.2). Nonetheless, the model proposes stands on its own, with small yet notable differences
from standard representations in the literature.

In particular, as introduced in section 2.3.2, the share of potential adopters as a function
of total market size φ in the present paper is described according to a logistic function. This
suggests a direct economic interpretation of the shape of consumers’ preferences that ultimately
drives the potential market. Namely, it suggests that consumers’ preferences (for either the DG
route or the conventional Distco-supplied tariff route) are driven by independent identically dis-
tributed “types” ε (unexplained error terms) drawn from an extreme value distribution, with an
“average bias” towards adopting the DG system that is driven by the α parameter. Consumers’
indirect utility functions are also dependent on the price of each of the two routes, which in our
model is represented by a γ coefficient that multiplies the logarithm of the payback. This choice
of representation was inspired by an analogy to the existing literature associating the payback
to the long-term adoption rate, as highlighted in section 2.3.2.

A longer payback period can also be interpreted as a higher price of DG adoption, and
it always represents a disincentive to adoption (represented by a coefficient γ smaller than one).
Nonetheless, consumers with sufficiently large individual characteristics ε may still prefer the
DG route regardless. The end result is that the total market share of adopters (as the number of
consumers within each market approaches infinity) is given by the expression shown previously
in equation (5), in accordance with the logistic model.

For the purpose of the econometric exercise carried out in the present paper, we will
abstract away some of the underlying complexity that drives consumers’ decisionmaking in order
to yield a tractable econometric model. In particular, because one of the goals of the present
paper is to present a preliminary assessment in a unified model that can represent DG adoption
for any particular consumer class (as introduced in section 2.2.1), we will not explicitly represent
the effect of any demographic parameters in describing consumers’ preferences: all consumers
are assumed to be drawn from the same “pool” with independent identically distributed types
that describe their propensity to adopt in accordance with the logistic model. This assumption
is addressed more closely in Cunha 2021b, which more rigorously develops a model from first
principles without explicitly alluding to the Bass diffusion model (though at the expense of a
greater distance from the practical literature).

Another underlying hypothesis implied by the model structure is that consumers decide
whether or not the payback is sufficiently attractive to them solely based on the current price level
(rather than making any dynamic considerations on future price). This is not an unreasonable
assumption in practice, seeing that (i) the cost of the solar system can be approximated by
a one-time payment at the time of adoption (implying little to no uncertainty regarding this
component); (ii) consumers tend to have very little information regarding the future evolution of
the electricity tariff, and any belief regarding whether the tariff is likely to increase or decrease in
the future is abstracted away along with the discount rate in the definition of the payback metric;
and (iii) consumers’ type ε is assumed to be static, implying they draw no utility from waiting
longer before adopting (assuming they have no information regarding whether the payback is
likely to increase or decrease in the short term).

In the model as described, each consumer only faces one single draw of the ε parameter
that determines its type for the entire period of analysis, which in turn will determine (for
a given level of payback τ) whether they will ever adopt the DG solution (a decision they
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can only make once in their lifetime). Evidently, in the absence of the market frictions, all
consumers with sufficiently large type (representing a fraction φ of the market) would choose to
adopt the DG system immediately. Making the connection to the Bass model’s representation as
introduced in section 2.3.1, the reason why adoption does not occur immediately is because the
market is subject to certain frictions, which can (implicitly) be overcome either via innovation
or via imitation. Thus, the diffusion model representation presents a manner of describing in a
systematic an parametric way the behavior of gradual adoption rates that is observed in practice
in adoption curves.

Because the analytic solution presented in section 2.3.1 for the Bass differential equation
implicitly assumes that the potential market N∞ is an exogenous constant quantity, it becomes
necessary to generalize the Bass model to accommodate the possibility of a changing φ as the
payback level τ evolves (as highlighted in section 2.2.4). In particular, the probability of a con-
sumer interacting with an adopter for the purpose of imitation was represented as proportional
to Nt/N∞ in the original Bass differential equation – whereas the network of interactions be-
tween consumers would most likely not depend on the share of adopters φ, which suggests that
using N total as the denominator for the driver of imitation may be preferable.

Introducing the variable St = Nt/N total, we present in equation (6) a revised version of
the differential equation that governs the diffusion model – where St represents adoption up to
time t, φ is the potential market share as introduced in equation (5), and the parameters p and q
are analogous to the classic Bass model representation as highlighted in section 2.3.1. Note that
this expression is equivalent to the Bass differential equation in the case where φ is a constant
(easily normalizable to φ = 1).

∂S

∂t
= (φt − St) · (p + q · St) (6)

Even though this representation bears some resemblance with some of the explorations
and developments addressed in the literature (such as seen in Kamakura and Balasubramanian
1988 and N. Meade and Islam 2006), it was derived independently by the authors – and to the
best of the authors’ knowledge, there is no other reference making the explicit link between the
Bass diffusion model and a physical environment of consumers’ binary choice as described earlier.
One potential reason why this particular representation of a Bass diffusion model is seldom
studied in the literature is because it is not possible to synthesise into a compact representation
several possibilities for the evolution of φ over time.

In particular, note that it is possible for St to be greater than φt, in which case equation
(6) would yield a (nonsensical) negative adoption rate. This might occur in case φ is suddenly
reduced – for example, by implementing one of the harsher Alternatives listed in section 2.2.3.
This type of shift results in the cumulative market share St no longer being suited to synthesize
the current state of adoptions into a single parameter – it becomes necessary to distinguish
between adoptions by different tranches of consumer (a topic that will be addressed in more
detail in section 2.5.2 for the case of a one-time reduction in the potential market).

Despite this limitation, note that as long as the payback is decreasing over time (which
implies that φt is increasing over time), equation (6) can be applied directly. In this particular
case, a consumer that would have found it attractive to adopt the DG supply alternative at
time t0 < t must necessarily also find it attractive to adopt the DG supply alternative at time
t, seeing that the economic attractiveness of the DG option has only increased (by assumption)
and consumers’ preferences are static. Because all consumers that have adopted at any previous
point in time t0 < t must have belonged to the set of potential adopters at time t0, and because
the set of potential adopters at time t0 is a subset of the total potential adopters at time t, it
follows that St ≤ φt. Fortunately, looking at the history of DG price levels and adoption levels in
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Brazil (as highlighted in section 2.2.4), it is possible to observe that the economic attractiveness
of the solar DG system has indeed been increasing over time after the end of the “slow start”
period (in which adoption in Brazil was virtually negligible). Given this situation, equation (6)
is perfectly suitable for describing the historical evolution of adoption – although adjustments
will need to be introduced when assessing potential future impacts of adjusting the subsidy to
DG units (as discussed in section 2.2.3).

Assuming that φt is nondecreasing and that φt remains constant within each quarter
(that is, for any t between T and T + ΔT ), the authors found an analytical solution to this
differential equation, as shown in equation (8). Note that the adoption level at the start of the
quarter ST is assumed to be known, and that the auxiliary variable κT (also defined below) is
also constant for any t between T and T +ΔT .

κT =
φT − ST

φT + q
pφT

· ST
(7)

St = φT
1 − κT · exp (− (φT p + q) (t − T ))
1 + κt

q
pφT

exp (− (φT p + q) (t − T ))
(8)

In summary, this analytic solution describes an underlying physical environment in which
consumers have independent identically distributed and unchanging types that determine their
propensity to adopt the DG option or not, if given the chance. Long-term adoption is affected
by the economic attractiveness of the DG option, as represented by τ , which is assumed to be
decreasing over time. The adoption dynamics are described by the coefficients of innovation and
imitation, that can be understood as probabilities of overcoming a market friction. Thus, the
present paper’s empirical strategy is backed by a robust fundamental framework from where it
is possible to derive the equations that govern adoption.

2.4 Results

2.4.1 Data collection and organization

As introduced in section 2.3.3, the explanatory variables contained in the proposed
regression problem have been reduced to a single one, in the form of the system “payback”. This
highly parcimonious approach is in line with the philosophy of the Bass diffusion model, which as
described in section 2.3.1 uses no explanatory variables other than time itself. Even though some
authors have worked on extending the model to introduce additional explanatory variables (see,
for example, Bass, Krishnan, and Jain 1994), these alternative approaches have never surpassed
the popularity and broad applicability of the original, more streamlined approach of the Bass
diffusion model. This parsimony is also useful because it allows for consolidating into the same
model an assessment of various consumer classes (of very different natures): the data available for
rural, industrial and commercial consumers may be entirely incomparable to the demographic
data applicable to residential consumers, but all of them can be expected to respond to the
relative price of the DG option, as represented by the payback.

An analysis of the data available from historical DG adoption allows for the construction
of panel data arranged across three dimensions: a time dimension t (individual quarters between
mid-2015 and early 2021), a spatial dimension d of 38 individual Distcos, and a consumer class
dimension c that distinguishes between the consumer groups of interest.

Even though we have access to 33 quarters of adoption data since the inception of the
regulation in 2012, only 19 of those quarters are used in most of the present paper’s econometric
analyses, ignoring the “slow start” period. This entire period spanning over 10 quarters has
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involved adoption rates very close to zero (yielding a practical benefit to removing this data from
the dataset), and furthermore this period also involved some erratic movements in the behavior
of the payback variable (which, as assessed in section 2.3.3, could raise questions regarding the
applicability of the model developed by the authors during this period).

A total of eight consumer classes were contemplated in the c dimension, representing
the “Remote” and “Local” modalities of the four main groups highlighted in section 2.2.1 (Resi-
dential, low-voltage rural, low-voltage industrial and commercial, and medium-voltage adopters
respectively). This suggests that the c dimension can be further subdivided into two subcate-
gories pertaining to the consumer class and the modality of adoption. As discussed in section
2.2.2, medium-voltage adopters of all consumer classes were represented as a single unit, as there
is no tariff differentiation among them. Furthermore, as discussed in section 2.3.3, the represen-
tation of the “market share” S should be understood as a fraction of the market (in total kWh
consumed) that makes the choice to be serviced by DG.

Despite the fact that all relevant data has been synthesized into a single “sufficient
statistic” in the form of the payback variable, the information contained in it is still quite rich;
as partially illustrated in section 2.2.4. As introduced in section 2.3.2, three main variables go
into the calculation of the payback for each Distco and consumer class: solar expected output,
solar CAPEX, and electricity tariff. Solar expected output depends in a straightforward manner
of the average quality of the solar resource at each distribution company, as illustrated in figure
10. This variation in the quality of the solar resource is one significant source of variation in the
expected payback across Distcos.

Figure 10: Overview of average solar irradiation across the Brazilian territory, interpreted as
peak sunlight hours per day. Source: NASA’s SWERA project

In turn, the price of the total upfront cost of the system for Brazilian DG adopters k
was obtained for each semester since mid-2016 from market surveys published by the Greener
consultancy company (see, for example, Greener 2018), and converted into quarterly data by
interpolation. For periods prior to 2016, an extrapolation was carried out based on the inter-
national cost of the imported solar equipment (modules and inverters) plus typical markups
charged by aggregator companies, following the methodology and benchmarks reported in EPE
2014. The cost of the solar equipment also changes depending on the scale of the DG system:
based on the typical system size required by members of each particular consumer group, the
CAPEX component of the payback variable was represented as varying across the c dimension
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of the panel data. Residential consumers were assumed to build small-scale systems (around
4 kW), other low-voltage consumers (either rural or industrial/commercial) were expected to
procure medium-scale systems (around 50 kW), while medium-voltage consumers rely on larger-
scale systems (around 1 MW). Roughly speaking, on a $/kW basis the residential system is
roughly 25% costlier than the medium-scale system, which in turn is around 15% costlier than
the large-scale system (though for the purpose of the econometric analysis, precise quarter-by-
quarter data from the market reports was used). In practice, the precise cost ratios each quarter
were assessed based on the market surveys previously mentioned.

Even though there is some evidence that there may be some geographical differentiation
in the CAPEX of the solar system in different regions, the data on these variations is not very
robust. Given that the other two components of the payback variable already provide robust
information on the heterogeneity across regions (namely solar irradiation and electricity tariff),
we opted to consider a solar CAPEX that does not vary with location.

Another rich source of data are the historical electricity tariffs, which vary substantially
across all three dimensions of the panel data (Distcos, consumer classes, and time) and for
which it is possible to obtain average tariff values each quarter. Data from the publicly available
database SAMP was compiled, and complemented by the authors’ expertise in order to identify
the portion of the tariff that correspond to each of the tariff components described in sections
2.2.2 and 2.2.3.

Finally, of course, there is the adoption data itself. The information on individual
adopters, including system size, was collected from a database made available by the Brazil-
ian regulator and aggregated by Distco, consumer class, and quarter. Using a separate database
that contains the total number of consumer units per Distco and consumer class, it was possible
to obtain a representation of incremental adopters as a fraction of the market, St.

There is one limitation to the database of adopters, however: our model requires ad-
dressing the number of consumer units that are serviced by DG, while the regulator’s database
is structured around the physical DG facilities. As introduced in section 2.2.1, in addition to the
distinction on whether a given DG system is Remote or Local, there is the possibility for each
system to have a single “owner” (beneficiary) or multiple beneficiaries – and even though there
is a field in the database to register how many consumer units are serviced by each particular
DG unit in the case of multiple beneficiaries, this information does not seem to be very reli-
able. In practice, Local DG units tend to almost always have a single beneficiary, but Remote
DG arrangements with multiple beneficiaries are particularly common. Coupled with the fact
that Remote DG installations are rarer in general, this can be a limitation to drawing robust
conclusions from the data.

One approach that will be addressed in section 2.4.3 is the possibility of modeling the
market share of DG adoption as a fraction of the total demand (in kWh) serviced by a given
Distco and a given consumer class, rather than as a fraction of the number of registered units.
In practice, this representation lacks an economic interpretation, seeing that the interpretations
on individual preferences, imitation and innovation addressed in section 2.3.3 only make sense
if the consumer is the unit that carries out decisionmaking – whereas using the share of demand
suggests that each “kWh” of electricity demand is making individual decisions or imitating its
neighbors. Nonetheless, by comparing these two representations of the adoption model side by
side, it is possible to address whether the model representation based on “demand shares” is a
good approximation for the more economically representation based on the share of consumer
units. Because the size of the Remote DG Units is a much more reliable metric than the number
of consumer units they service, in case the “demand shares” representation is robust it is possible
to extrapolate some of the regression results to Remote market representations that would not
be possible to forecast otherwise.
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For illustrative purposes, figure 11 highlights the market shares (represented based on the
number of adopting consumer units in the entire Brazilian market) for the residential market and
for the medium-voltage market. The poorest-quality data clearly involves the medium-voltage
Remote consumer class in the lower right: there are at least two extreme outliers in quarters
24 and 29, and even without those two points the curve does not quite resemble the same
quasiexponential shape that is observed in the other three quadrants. The depicted lines use a
parameterization consistent with the methodology described in section 2.3.3 to approximate the
points, despite looking only at a single region rather than individual Distcos (and note also that
the final points were not considered when fitting the curve). Note that the Residential Remote
curve, despite not being as bad as the Medium Voltage Remote fit, also appears to be less well-
behaved than either of the two Local curves – and it is possible that the panel data may be even
worse behaved. A more in-depth exploration of the data will be presented in section 2.4.3.

Figure 11: Historical incremental market shares for the entire country for a few selected consumer
groups

2.4.2 Empirical strategy

Even though the direct application of non-linear least squares methods is very common in
the literature of innovation diffusion models, it’s worth examining whether there is a possibility
for endogeneity in the estimation model – which could compromise the validity of the empirical
results. As addressed in section 2.3.2, there are three key components to the payback explanatory
variable:

• The solar output η is entirely due to natural effects, and it is not affected by supply or
demand shocks. Therefore, this component can safely be considered entirely exogenous.

• The electricity tariff p0 is calculated according to the regulation, only once per year and
using predefined formulas that rely on the Distcos’ costs, assets, and serviced demand.
Note that adoption levels in the period analyzed represented a very small share of the total
market serviced by the Distco: as of end 2020, the DG installed capacity might be able to
supply around 600 GWh, or 2% of the Distco’s total demand. Thus, it seems exceedingly
unlikely that a measurable endogenous effect has been observed in the electricity tariff.
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• The cost of the solar system k is largely driven by the international market (as virtually
100% of the equipment is imported), where Brazil represents a very minor share and that
can be considered exogenous; and the fact that heterogeneity across Distcos was discarded
in this analysis suggests that the dominant effect is likely to be supply-side. The distinction
of k across consumer classes according to their typical system size and economies of scale
similarly represents an exogenous element not influenced by the market.

It merits highlighting that the assumption of no endogeneity for the purpose of an
econometric assessment of the Brazilian DG market may need to be revised as the market
evolves. In particular, as the size of the DG market increases, its potential effect on p0 might
no longer be ignored. Furthermore, the demand-side shock due to the Covid-19 pandemic (as
highlighted in section 2.2.4) may have been large enough to impact the equipment stock of
importer companies that sell the DG solution in the country. Note that this shock was unique
in the sense that it was unexpected, had large magnitude and hit the entire country at once
– which may justify a closer examination on some potential degree of endogeneity starting on
the second quarter of 2020. With the caveat that this relationship may become more complex
going forward as the Brazilian market increases in size, the authors are comfortable in noting
that there was very little feedback between the demand for DG units in Brazil and equipment
prices in the period of interest (up to 2019 / first quarter of 2020), which implies that it was not
necessary to introduce instrumental variables to the econometric model – following the standard
approach in the diffusion models literature.

The fundamental model for this paper’s econometric analyses (as introduced in section
2.3.3) ultimately involves four key macro-parameters (groups of regression variables): the im-
itation coefficients q, the log imitation-innovation ratio r, the pro-DG bias parameter α and
the price-dependency parameter γ. These four collectively can be referred to as the vector θ of
parameters for the NLS fit.

Note that minor change in model specification made is that, rather than representing
the innovation parameter p, we choose to formulate our model in terms of the parameter r =
log q/p (from which p can be easily calculated). This representation of the coefficient r is not
uncommon in the literature that describes the Bass model, seeing that in particular the time of
peak incremental adoptions occurs at a time that is directly proportional to r. Indeed, authors
commonly make a change of variable to represent the variables r,s (with s = p+q) instead of p,q
– though the authors found that, given this paper’s modified diffusion model developed in section
2.3.3, the formulation works best with the pair of variables r,q (despite being somewhat unique).
The choice of representation in r is in large part motivated by the fact that most authors tend to
report innovation coefficients that are very close to zero and orders of magnitude smaller than
the corresponding imitation coefficients: in Sigrin, Michael Gleason, et al. 2016, for example,
their reported average coefficients for the Bass diffusion model suggest a ratio r of around 9
to 10. Therefore, rather that representing the parameter p that is quite often not significantly
different from zero in the statistical sense, we find that the nuances of the adoption model can
be captured more easily by a representation based on r.

For each of the parameters, a relevant question is whether a single value ought to be
used for all Distcos and/or consumer classes, or whether the parameter ought to be allowed to
vary across the dimensions d and c (though it seems evident from the very fundamentals of the
technology diffusion model that none of these coefficients ought to vary with time t). Following
the logic that is most commonly used in panel data econometric analyses, the parameter α
was represented with the greatest level of detail, as the sum of a geographic component α0

d for
each Distco and a consumer class component α1

c . This representation of α is reminiscent of the
application of fixed effects on panel data. Despite this superficial similarity, however, in practice
the solution strategy is quite different, as the nonlinear expression for the incremental adoption
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(particularly along the time dimension) implies that it is not possible to simply subtract the
fixed effect to simplify the representation. Rather, the nonlinear optimization model was run
explicitly representing the additional 46 parameters that constitute the macro-parameter α.

For the parameters γ, q, and r, representing variations across the dimension d would make
it difficult to make reliable parameter estimates, due to the very large number of distribution
companies relative to the entire sample. However, it was considered desirable to empirically
assess the validity of representing multiple parameters q, p and γ across the c dimension, in
order to confirm whether differences across consumer classes can be shown to be statistically
significant.

The final version of the objective function for the non-linear least squares model is
presented in equation (9). The variable we wish to model is the incremental adoption each
period ΔSt (which is represented as a fraction of the total market N total), with the support of
relevant auxiliary equations. Note that the expression for φdct was ommitted, though it depends
on αdc, γc and τdct exactly as introduced in equation (5). The auxiliary variable κ follows the
same logic as it did when introduced in section 2.3.3. Note that the total length of the timestep
ΔT is a quarter (0.25, expressed in years) as introduced in section 2.3.3.

min
θ

1
2

∑
dct

wcd · (ΔSdct − ΔŜdct(τdct, θ))2 (9)

ΔŜdct = φdct · 1 − κdct · exp (−Δt · qc (φdct exp(−rc) + 1))
1 + κdct exp rc

φdct
exp (−Δt · qc (φdct exp(−rc) + 1))

− Ŝdct (10)

κdct =
φdct − Ŝdct

φdct + exp rc

φdct
· Ŝdct

(11)

Ŝdct =
{

Sdc0 if t = 0
Ŝdc,t−1 +ΔŜdc,t−1 otherwise

(12)

It’s worth highlighting that the estimation of ΔŜ only uses the observed total adoption
at the initial stage considered in the estimation S0: for all subsequent quarters, the estimated
adoption level Ŝt is used instead. This is in line with the empirical strategy recommended, for
example, by Srinivasran and Mason 1986 – though adapted to the more complex formulation of
the modified Bass diffusion problem.

Another consideration is with regards to the weights wcd represented in equation (9).
Because the calculation of the market shares ΔS eliminates all information regarding market
size, we found that our results proved significantly more robust if introducing as a weighing
factor a representation of the relative market size (that is, according to N total) – thus giving
more weight to larger Distcos and/or consumer classes with a larger number of units. In order
to avoid introducing an additional source of noise, a single set of weights is considered across
all periods of time, based on the market sizes of year 2019 used as a benchmark (although the
market size changes very slowly in the period observed). This particular choice of weighing not
only contributed to yield results that are more representative to the Brazilian consumer market
as a whole (properly weighing the regions where the population ought to be more significantly
represented), it also contributed to yield more statistically significant results. This increase
in statistical significance seems to come from the fact that smaller populations are subject
to a higher variance in their observed adoption rates, as a consequence of the central limit
theorem. This observation suggests that weighing according to the relative market sizes allows
for capturing a degree of heteroskedascity in the data – and thus it is not necessary to introduce
heteroskedascity-based weights (as otherwise there would be double-counting of this effect).
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2.4.3 Regression results

As discussed in the previous sections, the econometric exploration of the data should
provide insights on the following topics:

• We aim to explore whether it is preferable (or justifiable) to represent the parameters q,
r, and γ as varying per consumer class or not, as highlighted in section 2.4.2;

• We also hope to assess the model based on “shares of demand” as introduced in section
2.4.1, contrast it with the economically-motivated model based on “shares of consumer
units”, and discuss its applicability;

• Finally, we hope to carry out additional robustness analyses to verify whether the results
are particularly sensitive to a few possible changes in assumptions.

Table 3 below represents the results of the initial exploration of the data. Regressions
A1 through A3 are carried out representing that the coefficients q, r and γ are allowed to
vary between the four major consumer classes (but not between Local and Remote adopters);
whereas Regressions B1 through B3 represent the more parcimonious specification in which only
a single value was used for each of the parameters q, r, and γ across all consumer classes. Within
each of the groups A and B, the regressions are numbered according to the dataset that was
considered: regression 1 uses all the data available (across all eight consumer classes); whereas
regression 2 eliminates the data from the Medium-Voltage consumer class (which, as discussed
in section 2.4.1, seems to be less reliable); and regression 3 in turn uses only Local data for all
four consumer classes (and no Remote adoption data). It’s worth noting that, as discussed in
section 2.4.2, the parameters α were allowed to vary across distribution companies and across
consumer classes (though they are not depicted).

It is possible to observe from table 3 that many of the regression results depicted are not
statistically significant: the coefficients were highlighted with one star if they were significant
with a p-value of at least 10%, and two stars if they were significant with a p-value of at least
5%. In particular, the large number of parameters in regressions A1 through A3 appears to
be detrimental to finding statistical significance in any of these parameters. Furthermore, in
both groups A and B, regression 1 was the one that showed the least statistical significance –
perhaps predictably, seeing that (as shown in section 2.4.1) the Medium-Voltage Remote data
in particular seems to be of poor quality. The relatively low statistical significance also suggests
that it is generally not possible to reject the null hypothesis that the coefficients of interest
may be the same across consumer classes. The desired specification, however, is likely to lie
somewhere between the parsimony of the B-group regressions and the high level of detail of the
A-group regressions – as will be explored next. It’s also worth highlighting that, even though
additional test runs were carried out in which the coefficients were allowed to vary across all
eight consumer classes (with an additional differentiation between Local and Remote distributed
generation), the statistical significance proved to be even worse and offered very little additional
insights.

Despite apparent shortcomings of these initial regressions, it’s worth noting that the
parameters do show some degree of robustness. The q parameter in particular appears to lie just
below 1 for most regressions carried out, with the exception of the Medium-Voltage consumer
assessments (which are themselves problematic). The values of r seem to be more disperse, a
phenomenon that can be at least in part be attributed to the way how this parameter is defined
(as introduced in section 2.4.2) and the fact that the innovation parameter p is much smaller
than the imitation parameter q. It is, of course, desirable to distinguish whether the innovation
coefficient p is 40 times smaller than q (corresponding to an r around 3.7) or 400 times smaller
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than q (corresponding to an r around 6) – however, it may be difficult to extract precise estimates
for this parameter when p is so close to zero.

Finally, with respect to the price dependency (or payback dependency) parameter γ, it
is worth noting that across all regressions this parameter always presented the expected sign,
indicating that a lower economic attractiveness led to a smaller potential market. Even though
the parameters were not always statistically significant, the robustness of the sign of γ is an
encouraging result. There does seem to be a tendency for the parcimonious regressions B2 and
B3 to yield a higher degree of price responsiveness than the coefficients calculated for each
consumer group individually in regressions A2 and A3. Nonetheless, given the low statistical
significance of the group A regressions, the data for individual consumers is not incompatible
with the higher regression coefficients from the group B regressions – and the fact that in
regression B3 the γ coefficient was found with 5% significance level is once again encouraging.

Table 3: Preliminary regression results exploring either a large (A1, A2, A3) or small (B1, B2, B3)
degree of detail for differentiating parameters across consumer classes. Statistical significance: *
= 10%, ** = 5%, *** = 1%

Group Reg.A1 Reg.A2 Reg.A3 Reg.B1 Reg.B2 Reg.B3

q

Residential 0.952 0.921** 0.925**

0.796 0.930** 0.820*Rural 1.189 0.724 0.826
Low V. 0.957 0.952 0.953
Medium V. 0.345 0.705

r

Residential 4.675 6.596 5.409

6.165 4.519 3.750Rural 6.517 6.041 8.034
Low V. 6.099 4.197 2.992
Medium V. 3.234 4.622

γ

Residential -1.979 -1.488 -1.637

-0.999 -2.055 -2.534**Rural -1.915 -0.339 -0.866
Low V. -1.408 -1.694 -2.321
Medium V. -1.011 -0.751

Based on the initial explorations highlighted in table 3, subsequent regressions are carried
out using a compromise between the levels of parsimony observed in groups A and B. Namely,
based on how close each of the parameters were to statistical significance, the authors adopt indi-
vidual parameters qc for the imitation coefficient in each consumer class, but a single parameter
r and γ is applied to all consumer classes – as highlighted in table 4. Regression C1 in particular
is similar to regressions A2 and B2, using the dataset without medium-voltage consumers –
and it yields a statistically significant result for all three q parameters in this representation. In
order to verify the robustness of this result, regression C2 collapses the spatial dimension d of
the dataset by representing, rather than the 38 individual distribution companies, a single data
point indicating aggregate adoption in Brazil as a whole. This regression C2 is fundamentally
different from the regression C1, as in particular it cannot rely on spatial heterogeneity in order
to estimate the relevant coefficients (only variations over time and across municipalities). De-
spite this difference, the results of both regressions seem to be extremely compatible (with the
greatest difference appearing in the parameter r), which once again is encouraging. Remarkably,
the coefficients in regression C2 prove to be statistically significant (the parameters q at the
1% significance level and the parameters r and γ at the 5% level), indicating that the smaller
sample size is more than made up by the smaller variance in the locational samples of adoption
(which drive the variance of the estimator upwards).

Regressions D1 and D2 represent a mirror of Regressions C1 and C2, but reinterpreting
the market share S as the total electricity consumed by adopters divided by the total demand
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of the consumer class (as opposed to the number of adopters over the total number of consumer
units, which was used in the groups of regressions A, B and C). Even though the market share in
number of units has a more straightforward econometric interpretation, a model for the market
share in total demand would be very desirable from an empirical standpoint for energy planning
(seeing that the consequences in terms of electrical flows in the distribution network depend
on the total demand of adopters rather than on the absolute number). Similarly to what was
observed in group C, regression D2 (which considers only aggregate adoption numbers for the
entire country rather than individual locations) yielded more statistically significant results,
with a set of parameters that seem generally similar to what was found in regression C2.

Perhaps one of the most notable distinctions between the group C and group D regres-
sions, even though it does not appear in table 4, is with regards to the potential market (as
influenced by α). Regression C1, for example, suggests that in the long term 15.7% of all con-
sumer units of all types on average would eventually choose to adopt the solar DG option at 2020
prices; whereas regression D1 suggests that 31.9% of the total demand would adopt the solar
DG option. The discrepancy between these two numbers indicates that the consumption level
of the “typical” adopters of DG is approximately twice as large as the consumption per unit in
the market as a whole – indicating that there is a significant degree of self-selection. Intuitively,
wealthier individuals (which tend to have higher consumption) tend to be better informed and
have easier access to lines of credit, which would lead them to adopt the DG units at a faster
pace. This type of phenomenon can be analyzed more closely with a different data approach,
and is the object of Cunha 2021b.

It is possible that the higher imitation coefficients q observed in regression D2 compared
to regression C2 can be attributed to this different relative size of adopters compared to non-
adopters. Regression D2 implicitly models the dynamics of imitation as though interactions
happen between equally-sized demand packets: and therefore, whereas in the agent-based model
(represented by regression C2) a single interaction might induce a high-demand consumer to
adopt the DG alternative, in the demand-based model more interactions may prove necessary
to induce adoption by an equivalent amount of demand units. Based on these considerations, we
consider regression C1 to be the “recommended” empirical representation of the model developed
throughout this paper, seeing that it most closely follows the theoretical framework and yields
robust results. Despite this, we will opt to use regression D1 instead as a basis for most of the
empirical results highlighted in section 2.5, due to the practical benefits of directly working with a
demand level (rather than needing to translate the number of adopters into an installed capacity
of DG unis, given the heterogeneous mix of the various consumer classes). It’s worth highlighting
that, even though the model implied by regression D1 is certainly a major simplification of the
true underlying dynamics, the Bass diffusion model itself (as discussed in section 2.3.1) is a
stylized representation of the highly complex underlying dynamics of interaction and adoption.

Finally, some additional robustness exercises are presented in Table5 – all of which
use the same paradigm as regression C1 (which is also reproduced in the table for ease of refer-
ence), tweaking some underlying assumption. In particular, in each of the regressions represented
throughout the present section, a total 19 quarters of data were used in the temporal dimension
(representing the period from the fourth quarter of 2015 to the first quarter of 2020). Regression
E1 highlights what happens if one eliminates the last three quarters from this dataset, in order
to verify whether the second half of 2019 may have been unduly affected by consumers “racing
against the clock” to finalize a DG installation before any regulatory changes took place (as
discussed in section 2.2.4). Even though regression E1 does face reduced statistical significance
relative to regression C1, the values of the parameters are barely changed – which suggests that
adoptions in 2019 were not sufficiently out of the ordinary to justify separate treatment.

Regression E2, in turn, assesses the possibility that distribution companies in the Brazil-
ian North may have distorted the regression results. The Brazilian North is mostly covered by
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Table 4: Additional regression results exploring a “market share” based on number of adopters
(C1, C2) or based on installed capacity (D1, D2). Statistical significance: * = 10%, ** = 5%,
*** = 1%

Group Reg.C1 Reg.C2 Reg.D1 Reg.D2

q

Residential 0.943** 1.212*** 1.068** 1.323***
Rural 1.265** 1.012*** 1.330* 1.583***
Low V. 1.011*** 1.038*** 1.090** 1.409***
Medium V.

r

Residential

4.059 5.127** 5.293 5.007**Rural
Low V.
Medium V.

γ

Residential

-2.699 -2.581** -1.571 -2.065**Rural
Low V.
Medium V.

the Amazon rainforest and includes several isolated communities that are serviced by the dis-
tribution company but not connected to the grid – and due to these unique features, one could
argue that those regions cannot be lumped together with the rest of the country. Regression E2
was thus run by removing five Distcos from the sample, and the results are barely any different
from the original regression C1. Part of the reason why regression E2 shows little impact (not
even in terms of statistical significance of the final results) is because the distribution companies
from the Brazilian North are already assigned a relatively low weight following the procedure
detailed in section 2.4.2, due to their low population density and low consumption level.

With this in mind, regression E3 aims to address the impact of weighing all samples
equally for regression purposes, rather than weighing according to market size. It is immediately
clear that statistical significance suffers tremendously, but even though there is some drift in some
of the values they generally remain relatively close to their original values from regression C1.
As discussed in section 2.4.2, the weighing function does play a fundamental role and is justified
on a fundamental level; which is corroborated by this empirical result. As a consequence, the
results of table 5 confirm that the results obtained from the present paper’s empirical strategy
are relatively robust to changing a couple underlying assumptions. In turn, this robustness of
the results suggests that the estimates of the r, γ, q and α coefficients may provide valuable
inputs for forecasting exercises and supporting policymakers’ decisions – as will be addressed in
section 2.5.

2.5 Policy assessments

2.5.1 Long-term forecasts

A first valuable takeaway that can be drawn from the results of the econometric assess-
ments presented in section 2.4.3 is that it is possible to estimate the shape of the curve of DG
adoption going forward. Given that being able to forecast the exact amount of DG entering
the system going forward can have profound implications for the planning of the generation,
transmission, and distribution systems, it goes without saying that the parameterization effort
by itself has merit.

Throughout the present chapter (including the following subsections), in order to facil-
itate the aggregation of the model’s predictions into quantities that can more easily be com-
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Table 5: Summary of additional regression results carried out to assess the robustness of the
choice of data samples used. Statistical significance: * = 10%, ** = 5%, *** = 1%

Group Reg.C1 Reg.E1 Reg.E2 Reg.E3

q

Residential 0.943** 0.999* 0.923** 0.854
Rural 1.265** 1.287 1.250** 0.724
Low V. 1.011*** 0.913 0.895** 0.792
Medium V. 0 0 0 0

r

Residential

4.059 3.523 3.732 2.994Rural
Low V.
Medium V.

γ

Residential

-2.699 -2.866 -2.718 -2.231Rural
Low V.
Medium V.

municated, we will use as our main benchmark regression D1 as presented in section 2.4.3 –
which represents adoption as demand shares. Throughout section 2.4.3, we have preferred to
use regressions based on the number of total adopters, which has a more straightforward eco-
nomic interpretation – regression C1 in particular is very similar to regression D1, for example.
However, representing all groups of adopters abstractly as a “total installed capacity of DG”
can provide better intuitions on the aggregate diffusion process, and this representation is only
possible with the assumptions from case D1 (the “number of residential adopters” has a very
different nature as the “number of industrial adopters”, and they cannot therefore be added
directly).

Note that the regression results suggest that the long-term potential market for dis-
tributed generation, under the current conditions established by the regulation (and translated
into a constant payback level), corresponds to approximately 31.9% of the total demand from
the consumer classes analyzed. This is the long-term market share that, according to the model,
would eventually be reached in the long-term (after overcoming all market frictions). Assuming
no growth in the 2020 market baseline, this corresponds to approximately 42 GW of small-
scale solar capacity that could be added to the distribution grid. As of end 2020, a total 3.6
GW had already been installed (excluding medium-voltage consumers), or roughly 8% of the
estimated maximum potential. For comparison purposes, Brazil in end 2019 reached 170 GW
of total installed capacity from large-scale plants; suggesting that solar DG could eventually
contribute with nearly a fifth of the system’s installed capacity. To be fair, the typical capacity
factor of a solar DG unit is far lower than the typical capacity factor of large-scale power plants:
nonetheless, these estimates suggest that the amount of DG-driven new capacity can be very
substantial, and that system expansion planning ought to take a more proactive stance in order
to assess what would be the system’s future needs in terms of large-scale generation capacity as
well as transmission and distribution grid reinforcements.

Figure 12 illustrates several possible scenarios for the gradual dissemination of DG under
the assumption of a static total market and a constant price signal (these assumptions will be
relaxed in section 2.5.3). Note that, because of the assumption that the economic signal is
constant, the curves follow very similar shapes, as dictated by the differential equations in the
diffusion model; and all of them yield the long-term market equilibrium of 42 GW of cumulative
added capacity when integrating over the entire horizon as expected. The curves in orange and
in blue represent the model’s best forecast given the information available in early 2021 and
in early 2020 respectively. The biggest difference between these two points is the slowdown in
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DG adoptions due to the Covid-19 crisis, as highlighted in section 2.2.4 – for the purpose of
constructing the forecasts, we assume that this event merely represented a temporary shock
and it did not affect any of the model’s long-term parameters. Interestingly, even though the
Covid-19 crisis may seem very impactful at first glance, the model suggests that it has virtually
no long-term consequences on the predicted adoption schedule at all – the peak adoption is
delayed by barely a single quarter. Even though one could conceivably argue that the imitation
parameter q is likely to remain repressed for the duration of the pandemic as the population
practices some degree of voluntary social isolation, the exercise in figure 12 shows that as soon
as social interactions return to normal adoption rates are likely to return in full force.

The evolution of the economic attractiveness of the DG option over time is another effect
that can be shown to be impactful. The gray curve from figure 12 highlights what one could
expect the adoption curve to look like if the payback level had remained constant since late 2015
and equal to the values in end 2020. Seeing that in practice the payback level has been decreasing
for virtually this entire five-year period, one would expect this alternative scenario to yield a
faster dissemination. This scenario with a low payback since 2015 would result in anticipating
most of the adoption curve by around 18 months – implying that by mid-2021 incremental
adoption rates would have already reached its peak. The reason for this substantial acceleration
is the positive feedback loop associated with the imitation term: a more attractive DG solar
route leads to a greater number of adopters, which in turn leads to greater opportunities for
imitation.

Figure 12: Curves of incremental quarterly DG adoption, assuming a constant payback level and
historical data up to different points in time

In conclusion, even though it is important to continually monitor adoption rates and
reassess the accuracy of the diffusion curve, the econometric effort presented in section 2.4.3
allows for constructing parametric long-term forecasts that may serve as an aid to policymak-
ers’ decisions. In particular, the assessment above suggests that, if no changes are made to the
current net metering regulation and assuming no major shocks disturbing the status quo, one
would expect new DG solar installations to reach a peak in around mid-2023, when the cumu-
lative capacity in the system should reach around 20 GW. Over the following several years, the
market for new installations is expected to shrink but remain substantial, with the possibility
of an installed capacity of 42 GW of DG projects being reached in the long term. This type
of extrapolation is useful not only as a tool for system planners to anticipate future adoption
levels (which may impact the needs for additional generation and transmission infrastructure),
but also as a tool for policymakers analyzing the possibility of making regulatory changes.
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2.5.2 Regret of irreversible adoptions

As introduced in section 2.2.3, there are several regulatory Alternatives that have been
raised in Brazil over the past years on order to revise the incentives currently offered to DG
adopters – and, even though the current political climate seems to be in favour of making no
changes, those options are still on the table. The implementation of one of the alternatives that
have been studied in this context can easily be incorporated into the present paper’s empirical
framework, by simply calculating the new “payback level” perceived by the consumers after
the regulatory change and reassessing the long-term potential market and adoption curve from
there.

For simplicity, we will contrast the current implementation (so-called Alternative 0) with
Alternative 5, which represents the most drastic shift in benefits awarded to DG adopters. Each
of the other alternatives, as discussed in section 2.2.3, would lie between these two in terms
of economic attractiveness (and therefore consumer adoption levels). The implementation of
Alternative 5 would reduce DG adopters’ financial benefits by nearly 40% on average, which
impacts directly the market of potential adopters. This increase in the DG system’s payback,
however, is unevenly represented among consumer classes: opportunities for Remote DG are
particularly affected, as they cannot benefit from “simultaneity” in generation and consumption
to offset part of their costs. Using once again the parameters from regression D1 as presented
in section 2.4.3 and aggregating over all regions and consumer classes, it is possible to conclude
that the total potential demand that would be willing to adopt the DG supply route under the
revised prices of Alternative 5 is roughly half of what it was under Alternative 0. The potential
DG market as a whole falls from 42 GW to 21 GW, though the potential market for Remote
DG adopters faces a sharper decrease from 16 GW to 5 GW.

One additional element that is important to be addressed in this context of a regulatory
price revision has to do with the fact that some adopters that found the DG option attractive
under Alternative 0 (and which potentially made the investments to adopt it) may no longer
find it attractive at the prices of Alternative 5. Because adoption is random, we can assume
that the probability that an adopter would not find the lower-priced Alternative attractive is
simply equal to the ratio between the potential market at Alternative 0 φA0 and the potential
market at Alternative 5 φA5. If we assume as a first approximation that Alternative 5 represents
the “true” social cost of accommodating DG units on the electricity grid, then each consumer
that chose to adopt the DG supply alternative under the terms of Alternative 0 and that finds
Alternative 5 economically unattractive in fact represents a deadweight loss of the DG policy:
it would have been more socially efficient for those consumers to continue to be supplied by the
distribution company. However, because DG adoption is generally an irreversible decision, it is
not possible for an adopter to switch back to grid-supplied electricity even it the true socially
optimal Alternative 5 price is later revealed.

Note that this deadweight loss will be larger (i) the larger the price difference between
the “ideal” price signal (Alternative 5 in our example) and the “policy-driven” price signal
(Alternative 0 in our example), (ii) the larger the γ coefficient of the population’s price sensitivity,
and (iii) the higher the adoption level attained under the “policy-driven” price signal (which
is essentially a function of time, in order to overcome the market frictions for adoption). Note,
on the other hand, that setting a more attractive “policy-driven” price signal can significantly
accelerate the dissemination of a positive innovation – as illustrated by the gray curve in figure
12. This suggests that an optimal policy might be to initially set a lower policy-driven price,
and then switch to the socially-optimal price before the deadweight cost becomes too large.

In order to illustrate this effect, table 6 below highlights the social impact of waiting
until different possible “dates of intervention” before switching from the policy-driven price is
substituted by the socially-optimal price for DG adopters. The date of intervention is assumed
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to be January 1st of each year, and it uses the January 2021 forecast presented in figure 12 to
construct these forecasts. Note that this implies that the 2021 date of intervention is no longer
possible, though this point is included for comparison purposes. The “regretful” adoption is
defined as the share of the total cumulative adoption up to that date that would not have adopted
the DG solution at the socially-optimal price: it generally lies close to 50% (the ratio between
the two potential markets), though fluctuations are possible due to the fact that the numbers in
table 6 are obtained by aggregating over several markets (distribution companies and consumer
classes) with different features. The total cost of transfers represents the yearly cost that is
necessary to compensate the “regretful” adoption, and it is defined in this example as the price
difference between Alternative 0 and Alternative 5, multiplied by the total regretful adoption.
Note that the total cost of transfers represents the burden on the rest of society of supporting
these regretful adopters – which includes a portion that is merely a transfer in addition to the
deadweight cost. The “true” deadweight cost of this policy is therefore expected to be around
half of the total cost of transfers, depending on the exact distribution of consumer types and the
shape of their utility functions – topics that are addressed in more detail in Cunha and Moreira
2021. Even though the total cost of transfers metric overestimates the economic deadweight
costs, it underestimates the distributional effects of the policy – seeing that non-adopters will
also need to burden economic transfers to “non-regretful” adopters (that is, adopters that would
have obtained an utility surplus even if they had been offered the socially optimal price rather
than the policy-driven price). The topic of social transfers is addressed in more detail in section
2.5.3.

Table 6: Impact of the intervention date on the amount of “regretful” adoption and yearly cost
of transfers to support the policy

Intervention date
(Jan 1st)

Total adoption
(GW)

Regretful
(GW)

Cost of transfers
(MR$/year)

2021 3.58 1.63 1.19
2022 8.52 3.90 2.86
2023 16.44 7.63 5.71
2024 25.16 11.94 9.16
2025 32.01 15.57 12.24
2026 36.42 18.04 14.49
2027 38.97 19.54 15.90

Note that, because the forecasts presented in section 2.5.1 indicate that adoptions are
likely to accelerate until 2023 based on the underlying model, the economic liabilities associ-
ated with regretful adoption also show an accelerating pattern in this period. The total cost of
transfers more than doubles between 2021 and 2022, doubles again until 2023, nearly doubles
again between 2023 and 2024, and then continues to rise. For reference, the Distcos on aggregate
receive 13 billion R$ each month from low-voltage residential, rural, commercial and industrial
consumers – which implies that, in case an intervention is carried out in January 2024 for ex-
ample, the total cost of transfers to regretful adopters alone would surpass 5% of the Distcos’
annual budget. It’s also worth noting that, because the cost of transfers represents a yearly
cost, the lifetime cost burden of supporting the regretful adopters is likely to be a multiple of
this quantity. The regulation that establishes the switch to the socially optimal cost could limit
this multiple by defining a maximum time period over which the benefits will be awarded to
consumers that adopted the DG option prior to the regulatory revision.

Finally, it is worth highlighting that all exercises in the present section (as well as in
section 2.5.3) assume that the socially optimal cost corresponds to the cost of Alternative 5
as introduced in section 2.2.3. There is some justification for this assumption, due to the fact
that most cost components included in the Distcos’ energy tariff are in fact fixed costs that are
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not offset by the insertion of DG in the low-voltage grid. On the other hand, the matter of the
“true” socially optimal cost is a complex technical issue that would require modeling physical
features of the electricity grid in order to assess the consequences of increasing DG adoption –
and this marginal benefit would also need to be adjusted dynamically as adoption increases. In
this sense, the estimates presented in table 6 can change depending on the precise value of the
socially optimal cost.

2.5.3 Electricity tariff feedback loop

Note that, in sections 2.5.1 and 2.5.2, a key assumption that was used is that the price
signal for adopting the DG alternative is a constant. However, if the electricity tariff remains
constant while the market shrinks as more and more consumers opt for the DG supply route,
it is easy to see that the distribution company will recover a smaller total revenue from their
consumers. A key component of arguing that the Alternative 5 price may be an approximation
of the “socially optimal” tariff is that the distribution companies actually have a substantial
fixed cost – which, under those circumstances, would not be completely recovered, leading to
financial losses. Although it would be possible to envision some kind of transfer from taxpayers to
maintain the distribution company afloat even if the tariff is not adjusted, a more likely scenario
is that consumers switching to DG supply would lead to the distribution company increasing
the electricity tariffs charged from their remaining customers, which is what the regulated tariff
code currently foresees.

This type of tariff adjustment policy creates a positive feedback loop, in which DG
adoption leads to an increase in electricity tariffs, which in turn can incentivize even greater
adoption rates. This type of phenomenon has been addressed as a possible “death spiral” in
works such as Cavalcanti de Jesus 2019, as fewer and fewer customers are forced to pay for the
entirety of the Distcos’ fixed cost. There is a possibility that a collapse scenario could be avoided
in our model if the probability distribution of consumer types were such that there there is a
sufficiently large number of consumers that dislike the DG option and are willing to pay more
to remain supplied by the Distco. However, using the parameters obtained in section 2.4.3, we
do find that a collapse scenario is possible, and it could materialize fairly quickly – which should
be a cause for concern by policymakers.

Of course, there is some uncertainty with regards to how exactly the “remaining fixed
costs” would be distributed among other locations and consumer groups. For example, if resi-
dential DG adoption in Brazil’s capital Brasilia is particularly high, is this expected to affect the
electricity tariff paid by other low-voltage consumer classes in Brasilia? What about other loca-
tions not serviced by the distribution company that services Brasilia, would they be affected?
Because the Brazilian tariff code is highly complex, allowing for different treatment for each
of the components that are being handled here as simply a “fixed cost” (see section 2.2.2 for
a highlight of these key components), almost any choice of representation would have serious
caveats attached – not to mention that even a detailed modeling of each individual tariff com-
ponent could be subject to changes in the regulatory treatment of DG adoption for the purpose
of setting the Distcos’ tariffs (as this is not a fully settled matter in Brazil). These uncertainties
are compounded with the uncertainty of representing some tariff components as a fixed cost
itself, as DG adoption could have some influence on these costs.

Despite these challenges, in the interest of representing a preliminary analysis of the
consequences of the tariff feedback loop, we will assume the broadest version of fixed cost-sharing
for the purpose of tariff-setting. That is, residential DG adoption in Brasilia will affect the tariff
of all other tariffs in the entire country, thus serving as a further incentive for adoption for all
consumer classes. The Energy Tariff portion of the TE is kept constant, as the tariff increase is
applied only to the “fixed costs” portion of the tariff, and it is calculated to ensure that the Distco
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continues to recover their fixed cost despite a shrinking base of paying customers – Alternative
0 is assumed to stay in place, which implies that DG adopters do not contribute at all to the
fixed costs. We begin our simulation in January 2021, using the amount of non-DG supplied
demand at that date as a baseline for the calculations. Another key assumption that we make is
that consumers still make their decisions myopically: consumers could in practice anticipate in
2022 that the electricity tariff is likely to increase in later years due to the accelerating adoption,
but the model represents that they make their decisions only looking at the current tariff level.
Furthermore, other than the feedback loop effect, no other changes were represented in either
the Distcos’ total serviced demand nor in the electricity tariff level.

The result of such a simulation is shown in figure 13, contrasting with the adoption curve
that was shown in figure 12 under the assumption of a constant price incentive. The end result
is a complete collapse of the system, as the total solar installed capacity constructed, in excess
of 100 GW, is sufficient to supply the entirety of the Distcos’ low-voltage market (comprising
residential, commercial, industrial, and rural consumers). Contrary to the smooth and almost
symmetric adoption curve observed in the case where no tariff feedback effect is contemplated,
introducing a tariff feedback effect leads adoption to continue to accelerate for much longer, up
to the point in early 2026 in which over 75% of the low-voltage market has already adopted
a DG unit and the saturation of the market finally forces a deceleration. At that point, the
fixed cost portion of the electricity tariff charged to the consumers that remain connected to the
Distco are 3.4 times greater than they were in late 2020 (represented in figure 13 as the “fixed
cost multiplier”), and follow a hyperbolic rising growth path.

Figure 13: Contrasting a constant-tariff adoption curve with an adoption curve that contemplates
the feedback loop on electricity tariffs, starting in January 2021

Note that the curious shape of the tail end of adoptions in later years is influenced by
the Distcos with particularly low propensities to adopt according to the parameterization found
– in particular, CPFL Santa Cruz, Eletroacre, and Eletropaulo are the only ones that had not
reached full adoption by late 2027. In practice, the particular details of adoption are unlikely to
follow exactly the circumstances depicted in figure 13, in part because a regulatory intervention
is likely to be carried out before such a collapse event seems inevitably close and in part because
of other underlying complexities that were not contemplated in this model – such as low-voltage
consumers with 3-phase supply being unable to offset the cost of the last 100 kWh they consume
each month. Nonetheless, the trends highlighted by this exercise are striking: it is notable in
particular that the representation of tariff feedback appears to have a relatively minimal effect
at first, before the fixed tariff is forced to rise explosively. The consequences of waiting before
making a regulatory intervention in the regulation for DG benefits that were explored in section
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2.5.2 may quickly become a gross underestimate for the total deadweight cost, seeing that not
only the magnitude of adoption is much greater when considering tariff feedback effects, but
adopters are also on average further away from the “economically efficient” price signal.

2.6 Conclusion

The present paper proposes a novel methodology for the econometric assessment of a
technological diffusion model, which tends to show a characteristic S-shaped curve for adoption
rates. Inspired by the existing literature for this type of model, we propose a representation
that is able to incorporate into the same framework the parameters of the adoption model
(“frictions” that mean that innovation and imitation only happen gradually) and the parameters
that describe long-term willingness to adopt (the “potential market”), while also presenting an
economic interpretation that would lead to these dynamics. An additional contribution of the
present paper is the presentation of an analytic solution to the differential equation that can
accommodate variable, but nonincreasing, price signals.

This theoretical framework is applied to a case study of adoption of distributed genera-
tion units in Brazil. A panel dataset was constructed based on quarterly incremental adoption
data at each distribution company and for each consumer class, and the choice of parameters
that best fit the historical data was identified based on a regression methodology adapted from
Srinivasran and Mason 1986 in order to accommodate the particular novel features of this paper’s
modeling. The parameterization of the adoption model proved to be quite resilient to changing
a range of assumptions, and all coefficients proved to have the expected sign and expected order
of magnitude – even though some of the regressions did yield coefficients that were not statis-
tically significant. The regression coefficients do tend to be statistically significant (and very
similar in magnitude) when using an alternate representation at an aggregate level for the entire
country. The robustness of the theoretical framework that led to the model specification, as well
as the fact that regression results proved not to change even if assumptions are revised, also
contribute to the author’s conclusion that the parameterization obtained from the regressions is
reliable enough for making forecasts and drawing conclusions regarding the consequences of the
Brazilian distributed generation policy.

Using this parameterization for the model of adoption throughout the country and across
consumer classes, we present analyses of the consequences of maintaining the current regulatory
policy for distributed generation in terms of cumulative adoption rates, total economic transfers,
and deadweight costs. The Brazilian DG policy offers generous incentives to adopters, much
greater than the price signal that would be socially optimal – that is, the price signal that would
result in consumers adopting a rooftop solar system only if they value it enough to purchase it
even knowing they could continue to pay part of the electricity tariff to cover the Distcos’ fixed
costs. Even though there are some caveats to this analysis and further refinements that could be
made, the results are striking: there could be a total 42 GW of distributed solar capacity built
over 10 years, supplying around 21% and 44% of the total low-voltage consumption market,
with major consequences for the planning of the Brazilian transmission and distribution grids.
This representation assumes that electricity tariffs remain at end 2020 levels: if the tariffs are
allowed to increase to ensure recovery of the Distco’s fixed costs (to compensate for consumers
that adopt the DG system and no longer pay the electricity tariff), the model did not reach an
equilibrium with less than 100% of the population adopting the distributed generation route.
This happens because the shrinking consumer base for grid-supplied electricity must shoulder
a higher and higher burden associated with the distribution company’s fixed costs according
to the current tariff rules, thus also increasing the economic incentive towards the distributed
generation route.
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3 Fundamental econometric model

3.1 Introduction

3.1.1 Motivation

Several countries and counties across the globe have seen drastic increases in the amount
of distributed rooftop solar systems among end consumers. This phenomenon is part of a greater
“energy transition” currently underway, in which consumers of electricity (whether residential,
commercial, industrial, or rural) are becoming increasingly active in their decisions, rather than
passively purchasing from an electricity retailer or distribution company. The dissemination of
distributed solar power in particular has been enabled by a combination of drastically decreasing
costs of small-scale solar systems over the past few decades and some degree of encouragement
by regulators and policymakers – who in many cases introduced regulations offering incentives
to consumers adopting this type of initiative.

In Brazil in particular, which represents the main case study evaluated in this paper, a
“net metering” mechanism was introduced in 2012 that allowed owners of distributed genera-
tion (DG) systems to offset part of their electricity purchase cost, driven by the regulated tariff
(which includes components such as the remuneration of the transmission and distribution sys-
tem and taxation). As a consequence of this policy, the financial attractiveness of the distributed
generation solution for many consumers has led to accelerating levels of adoption of these sys-
tems in Brazil over the past few years. Seeing that these adoption rates have consequences for
the planning of the electricity system, Brazilian authorities have properly incorporated to their
indicative expansion plan a process for analyzing and forecasting the dissemination of DG in
Brazil EPE 2019.

Despite these efforts, to the best of the authors’ knowledge there has not been prior
research that constructed estimates for DG adoption in Brazil based on microeconomic fun-
damentals of consumer preference and choice. In this paper, we present a conceptual model
inspired by the economics literature and we fit this model to the Brazilian market for residential
DG adopters. We also compare the predictions made by the model presented in this paper with
the predictions of the model currently in official use by the Brazilian authorities (as described
in EPE 2019), highlighting advantages of the proposed alternative model and describing how
the methodology described in this paper could be incorporated into the official methodology for
forecasting DG adoption.

3.1.2 Related literature

There is a rich literature on distributed generation adoption which, much like the official
model currently in use in Brazil EPE 2019, focus more on empirical curves for describing the
adoption of distributed generation throughout society rather than on the micro fundamentals
that would drive such adoption. In particular, Sigrin, Michael Gleason, et al. 2016 describes a
modeling strategy very similar to the one ultimately adopted by the Brazilian authorities, and
which has been applied to real-world DG adoption data by authors such as Sigrin and Drury 2014
and Kurdgelashvili et al. 2019. The core methodology explored in these references is described
in section 2.3.1.

These classical approaches for modeling DG adoption tend to focus on the dynamic
aspects of this dissemination throughout society, inspired by the work of Bass 1969. A remarkable
feature that has been explored and justified theoretically in Bass, Krishnan, and Jain 1994 is that
these dissemination models can often be construed as a function of time exclusively with no need
for using additional explanatory variables for describing the dissemination curve. Nonetheless,
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as explored in section 2.3.1, a number of references have studied how the price of the DG
alternative affects dissemination based on independent empirical assessments. In Dong, Sigrin,
and Brinkman 2017 and Beck 2009, for example, a survey-based approach is used for estimating
how the economic attractiveness of the DG alternative affects adoption rates. An empirical
estimation strategy is used in EPE 2019 to determine the best fit for a parameter describing the
relationship between adoption rate and price – however, the particular choice of parameterization
they make is not based on micro fundamentals, but rather on previous empirical work.

Much of the literature that studies the gradual adoption of distributed generation in
a society follows the paradigm established by Bass 1969, Sigrin, Michael Gleason, et al. 2016,
and others. The classical literature on the diffusion of innovations, as explored by Rogers 1962,
describes a characteristic S shape for the adoption rate, with rapidly accelerating adoption
during the initial periods. Even though this paper adopts a different methodology (as will be
addressed in 3.2), the background of representations in this classical literature has played an
important role in guiding the choices of parameterization of this paper’s models – and thus,
these alternative methodologies are described in more detail in section 2.3.1.

One example in the economic literature that does apply more robust micro fundamental
principles to DG adoption is Groote and Verboven 2019, which presents a theoretical framework
and a case study for the rooftop solar market in Flanders, Belgium. The main focus of that
paper is slightly different from this one, as it highlights the role of the time discounting pa-
rameter and considers that consumers can adopt solar systems of different sizes; but it similarly
applies a logistic model to describe adoption of DG systems by individual consumers. The classic
econometric techniques for estimating random coefficient preference models pioneered by Berry,
Levinsohn, and Pakes 1995 (and later expanded upon by several authors, such as Nevo 2000,
Gandhi, Lu, and Shi 2020, and Arcidiacono and Ellickson 2011) have robust micro fundamentals
and a long history of applications in the literature: such models have been applied to a wide
range of different markets that, like in the DG adoption case, rely on a binary choice made by
consumers.

In line with this economic literature, R. Meade 2019 presents a theoretical reconstruction
of the microeconomic fundamentals of individual consumer choice applied to the adoption of
distributed generation (or other initiatives related directly to the electricity sector, such as
batteries or demand response) in particular. Explorations such as those are important to establish
a dialogue between the economic literature and planning entities, whose mandate is focused on
the electricity sector.

3.2 Adoption model

3.2.1 Consumers’ indirect utility functions

Consumers’ choice regarding whether or not to invest in a rooftop solar system can be
represented as a utility-maximization problem between two supply routes. In this representation,
we interpret r = 0 as the consumer continuing to be supplied by the utility company via the
conventional electricity grid, and r = 1 as the consumer being supplied by its own rooftop solar
unit. The indirect utility function vir describes how attractive consumer i perceives supply route
r, and the consumer will choose route 1 over route 0 if and only if vi1 ≥ vi0. The interplay between
the two supply routes available in order to determine consumers’ choice for one or the other will
be assessed in more detail in section 3.2.2 – however, before delving into this interaction, it is
useful to highlight the underlying mechanism that describes the indirect utility function itself.

The indirect utility function is the solution of the consumer’s utility maximization prob-
lem that involves determining the optimal tradeoff between electricity consumption q and the
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consumption of all other goods given consumers’ wealth w and utility function u, and given the
price of electricity pr in supply route r. Assuming that the consumer uses up the entirety of their
wealth and that non-electricity purchases can be represented as a numeraire good, equation (13)
describes how the indirect utility function can be calculated.

vir(pr,wi) = max
q

uir (q, wi − pr · q) (13)

Note that the shape of u determines the shape of the indirect utility function v and
thus the role of price in the equations that govern consumers’ binary choice for route 0 or
route 1. In many applications of consumer binary choice models, the consumption variable q
is assumed to be fixed – for example, in the case of the automobile market, it is reasonable
to assume that consumers will buy exactly one unit if they do choose to consume (see Berry,
Levinsohn, and Pakes 1995, Nevo 2000). This corresponds to the limit where u yields a perfectly
inelastic demand for the first good, and thus only a dependency on the second good needs to be
considered. In Berry, Levinsohn, and Pakes 1995, the utility function considered is of the type
û(w − p) = (w − p)α, though the assumption of quasilinear utility on the numeraire good has
also commonly been adopted Nevo 2000.

For the particular case explored in the present paper, taking into account that elec-
tricity consumption is not perfectly inelastic, we represent a utility function that combines a
quasilinear preference for the numeraire good with an elastic preference for the first good, as
described in equation (14). The main motivation for this choice of representation is that it yields
a relationship between the adoption rate and the economic attractiveness of the solar DG solu-
tion that most closely resembles the empirical literature described in section 2.3.1. Nonetheless,
this representation simply makes sense in a context where consumers can choose their level of
electricity consumption with some finite elasticity, and in which the cost of the two alternatives
affects their choice on whether to continue to be supplied by the electricity grid or to purchase
a DG rooftop solar system. Note that the individual parameters Air will govern both individual
consumers’ propensity to consume and their propensity to adopt one route or the other. Sub-
stituting the utility expression from equation (14) into the indirect utility equation (13), one
obtains the expression shown in equation (15).

uir (q, x) = Air
γ − 1

γ
q

γ
γ−1 + x (14)

vir(pr,wi) = −1
γ

Air
1−γ · pγ + wi (15)

In order to yield a representation that is better suited to the econometric estimates we
will explore throughout the present paper, we observe that for each individual consumer, the
binary choice between preferring route 0 or route 1 only depends on whether vi1 ≥ vi0, and
that applying the same positive transformation on vi1 and v01 does not change this ordering.
Thus, assuming γ to be positive, we apply the transformation v̂i(v) = −log(wi − v), which
can be simplified into the expression shown in equation (16). This representation of consumers’
indirect utility is linear in the logarithm of the electricity price for each route, and it contains an
individual preference parameter α that can be determined from γr and the individual parameters
A. This representation will be useful for building the equations relevant for the consumers’ binary
choice.

v̂ir = αir − γ · log pr (16)

It’s worth noting that, given the expression shown in equation (14) for the utility func-
tion, the demand for electricity has an elasticity equal to 1 − γ: there therefore is an implied
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relationship between the elasticity of demand and the effect of price on consumers’ choice between
the two available supply routes. Seeing that electricity consumption tends to have an elasticity
lower than one (as it is a relatively inelastic good, especially for residential consumers), the
assumption of γ > 0 used when constructing equation (16) is expected to be valid. In contrast,
if the elasticity were greater than one, the minus sign in equation (13) would be flipped into a
plus sign (and the definition of α would also be different), ensuring that the indirect utility v̂ is
always decreasing in the price p regardless of the elasticity of demand.

While alternative representations for the consumers’ utility function could also be en-
visioned (which would lead to different relationships between v̂ and price), this representation
of an utility function that’s linear in the logarithm of price has several advantages – as it can
accommodate different elasticities of demand by the end consumers, it has good empirical fit
to the data, and perhaps most crucially it has parallels with the representation of adoption as
a function of “payback” often used in the literature Sigrin, Michael Gleason, et al. 2016. These
parallels with the literature and advantages of a linear representation in log price are discussed
in section 2.3.1.

It’s also worth highlighting that consumers’ choice on whether or not to adopt the rooftop
solar supply route is treated as a binary one – that is, each consumer is either 100% supplied by
the electricity grid or 100% supplied by a solar DG system. Even though there is some nuance in
determining the optimal size of the DG system for a residential adopter (as will be explored in
section 3.3.2), the observation that consumers generally don’t form “portfolios” of the two supply
routes is true in practice, as supported by the data (particularly for residential consumers).

3.2.2 Core model for consumer binary choice

In order to construct a numerical strategy for fitting the model of consumers’ choice
between being supplied by the conventional electricity grid (route 0) or by self-owned solar
systems (route 1), the next step is to write the individual effects αir as a function of other
observable variables. The vector of observable characteristics Yir may be composed by (i) con-
sumers’ (observable) demographic characteristics Di, (ii) consumers’ (unobservable) individual
characteristics ui, (iii) the supply route’s price level pr, and (iv) other observable characteristics
xr of the supply route. It’s worth noting that, in the case of demographic variables, they are
observable in the sense that its probability distribution for each municipality is known, even
though it is not possible to track adoption rates and demographic characteristics of individual
adopters.

Because adoption data only allows for specifying consumers’ preference to one alternative
in relation to the other (in this case, route 0 as the conventional grid supply VS route 1 as self-
supplied DG), the individual preference parameters for each individual supply route cannot be
specified. Rather, following the conventional strategy adopted in the econometric literature, we
seek to specify the parameter δ̌i, which incorporates information on the difference αi1 − αi0. As
depicted in equations 17 and 18, consumers’ propensity to adopt the DG option is given by the
difference in indirect utility functions, and can be described in terms of (i) a fixed effect δmt

representing a “bias” toward adoption for all consumers i living in municipality m at time t,
(ii) a set of regression coefficients θ applied to the parameters Yir described earlier according to
the function ϕ, and (iii) a consumer-specific “type”, or error term, described by the difference
εi1 − εi0.

vi1 − vi0 = δ̌i + εi1 − εi0 (17)

δ̌i = δmt(i) + ϕ(θ, Yir) (18)
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As it is common in the economic literature, one underlying assumption made in order
to yield a numerically tractable model is to assume that the parameters εir are extreme-valued
distributed. This assumption yields a closed expression for the probability that a particular
consumer will choose route 1 over route 0 corresponding to the so-called logit model. In prac-
tice, the adoption of individuals is not observed directly: rather, we observe adoption within
municipalities m which have known probability distributions P(Di,ui), across various periods
t. Thus, following the procedure detailed in Berry, Levinsohn, and Pakes 1995 and Nevo 2000,
it is possible to equate the observed aggregate market shares Smt (representing the share of
consumers that adopt the rooftop solar route, i.e. route 1) to an integral of the probability of
adoption of each individual consumer i (a function of δ̌i) over P(Di,ui). In practice, this integral
is estimated numerically (using Nmt samples of the underlying probability distribution within
each municipality), yielding the representation shown in equation (19) for the aggregate market
shares. This relationship will enable adopting an empirical strategy in order to estimate the
parameters θ and δmt using market data.

Smt ≈ 1
Nmt

∑
i∈mt

exp
(
δ̌i

)
1 + exp

(
δ̌i

) (19)

With only two possible routes for the consumers to choose between, it can be difficult
to reliably identify precisely which “attributes” xr of the two possible supply routes are truly
valued by the consumers. Even though in principle one might be able to make empirical exercises
of this type in case there is significant variation in these attributes per route, for the purpose of
the present paper we will only consider the net bias parameter δmt as synthesizing consumers’
preference. This parameter can actually represent various underlying drivers of consumer choice
that cannot be distinguished from the data alone: for example, a preference for the solar option’s
“greenness” attribute, a greater “patience” attribute that makes the consumer more willing to
make upfront investments in a solar system, or a more “home-oriented” view that makes the
consumer value investments in their own home and how they could be perceived by neighbours
could all contribute to a particular individual’s greater δi.

The final representation of the individual propensity to adopt is thus as highlighted in
equation (20), and it can be used to estimate the market-specific effects δmt and the linear
parameters θ = {Π, γ, σ}. For simplicity of notation, we will refer to the variables used in the
regression Di,p0,p1 jointly as Yir, which allows us to compactly refer to ϕ(θ, Yir) for the function
of the linear parameters (outside of the market-specific effect δ).

δ̌i = δmt + ϕ(θ, Yir) = δmt +Π · Di − γ · (log p1 − log p0) (20)

3.2.3 Sequential adoption and diffusion model

As introduced in section 3.2.2 by the representation of the dual indices of m and t to
describe adoption rates and other variables, our case study of interest deals with panel data,
where market share data of adopters of solar DG systems is collected for individual municipalities
m and at different time periods t. When accounting for the dimension of time variation, it is
important to also consider that consumers can only make the choice to adopt the solar system
once: all consumers are initially supplied by the distribution company (Smt = 0 for all m,
as route 0 dominates 100% of the market share), and when they choose to switch to route 1
this essentially involves a long-term investment that makes it difficult to revert this decision. In
practical terms, this means that the market share of adopters must take into account the effect of
a shrinking pool of consumers, as illustrated in equation (21) – where nmt represents the number
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of incremental adopters in municipality m at time t and N total
m represents the total number of

consumption units in the municipality (assumed to be constant in time for simplicity).

Smt =
nmt

N total
m − ∑

τ<t nmτ
(21)

Note that, when considering the time dimension, there are additional considerations
that can be applied to the consumer choice effect. In particular, as explored by Groote and
Verboven 2019, one could take into account that consumers choosing whether or not to adopt
the rooftop solar system solve an intertemporal optimization problem, knowing that in future
periods they will be subject to new, independently distributed shocks ε. In the analyses of the
present paper, however, we do not consider such an intertemporal strategy, and rather we assume
that consumers will naively choose to adopt the DG system according to the random shock
εit received at that point in time. This simplification has the underlying goal of studying the
features of the decisionmaking process over time – and in particular, how the representation of
time-specific fixed effects can be likened to the classical literature on the diffusion of innovations
as explored by Rogers 1962 (as highlighted in section 2.3.1). In these models, information effects
and other market frictions tend to be important, and in particular “imitation” is an important
component of whether or not consumers choose to adopt the solar system at any given time –
which tends to lead to an accelerating adoption rate in the early stages if the diffusion process.

One straightforward way of incorporating the features of the diffusion curve into the
econometric binary choice model (as long as this diffusion curve is well-behaved) is via a time
fixed effect δ1t . This type of approach is standard in econometric panels, and it implicitly repre-
sents that a single exogenous driver (such as the dissemination of information about the rooftop
solar option across society or the gradual establishment of a healthy ecosystem of companies
providing this service) can affect adoption rates across all municipalities. Indeed, as argued in
Bass, Krishnan, and Jain 1994, the diffusion curves tend to be described well as a function of
time alone without requiring additional explanatory variables – a characteristic that makes the
dynamics of diffusion well suited to being represented as a time fixed effect.

One limitation of this representation of the diffusion term as a time fixed effect is that all
municipalities must follow the same diffusion curve: it is not possible for one location to be in the
“early adopters” phase while another more mature market is already reaching “late majority”.
A close examination of the data seems to indicate that this is not an unreasonable assumption –
suggesting that information transfers between municipalities happens frequently enough for all
markets to operate essentially in unison with respect to the degree of technological dissemination.
The question on whether additional considerations can be made regarding heterogeneity in the
diffusion process across different locations will be explored in this paper’s sister paper Cunha
2021a.

An additional refinement that can be carried out is to observe that the classic parame-
terization of innovation diffusion models (as described in section 2.3.1) actually foresee a well-
defined nonlinear shape for the fixed effects δ(t). In particular, even though it would certainly
be possible to adopt individual fixed effects δt (as is the standard approach in the econometric
literature using panel data), in the present paper we will also present results using a second-order
expression of the form depicted in equation (22), as this allows for a comparison with our model
results and the coefficients used in diffusion models such as the ones specified by Bass 1969.
Note that δ(0) can implicitly be specified by the municipality fixed effects.

δ(t) = δ(0) + β1 · t − β2 · t2 (22)

In particular, as detailed in section 2.3.1, the market frictions implied by the technological
diffusion process can be synthesized into a closed expression NBass(t) for the level of adoption
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at each point in time – this “Bass equation” for the diffusion model uses two key parameters, a
“coefficient of innovation” p and a “coefficient of imitation” q. As depicted in equation (23), it is
possible to write an equivalence between the incremental adoption in a given interval as implied
by the Bass equation in the left hand side, and the adoption implied by consumer’s binary choice
in the right hand side (assuming that adoption at time t is exactly equal to NBass(t)).

NBass(t + 1) − NBass(t) = (N∞ − NBass(t))
exp δ(t)

1 + exp δ(t)
(23)

Substituting the closed expressions from the Bass equation and carrying out a polyno-
mial series expansion on the equivalence highlighted by equation (23) allows one to relate the
coefficients β1 and β2 of equation (22) with the coefficients p and q of the Bass equation. In
particular, this model suggests β1 = q and β2 = p · q. Thus, a regression that uses the specifi-
cation of equation (22) can easily be fed into models that use the Bass equation for forecasting
DG adoption. These results (and in particular a comparison with the classic representation of
independent time fixed effects δt for each period) can also be used to verify whether the model
identified in the present paper is compatible with the Bass diffusion model commonly used in
the literature (as introduced in section 2.3.1). In particular, in case the fixed effects δ(t) can
be shown to follow an approximately polynomial relationship in the time variable, this can be
taken as additional support to the underlying hypotheses of the Bass diffusion model.

It’s worth noting that, in the simple adoption model introduced in section 3.2.2, the
assumption of independent identically distributed signals εit at each instant in time tends to yield
an adoption rate that converges towards 100% in the long term: the error terms are identically
distributed and unbounded (according to the features of the extreme value distribution), and as
t goes to infinity it becomes increasingly likely that at least one εit will be large enough to justify
adoption. In order to avoid such as a result (that is, for the market to converge towards some
N∞

m that is smaller than the total number of consumers N total
m in a given municipality), the time

fixed effect must tend towards minus infinity as time increases – which is exactly what we see in
the polynomial equation presented in equation (22), for example (representing an approximation
of the classic Bass diffusion model introduced in section 2.3.1). Therefore, the assumption that
the time effects follow a decreasing trend allow for meaningfully representing a model where
the market saturates at some level N∞ – which is also in line with much of the the classical
literature on distributed generation adoption, as introduced in section 2.3.1.

Note that, after handling the dependency of the time parameter, the coefficients that
describe demographic dependency Π can be interpreted as being determinants of the long-term
adoption rate in each municipality (as they all follow the same adoption curve by assumption,
as explored previously). This interpretation of some of the present paper’s results as being rep-
resentative of a “potential market share” N∞ (that is attained at equilibrium once the diffusion
process has ended) is actually very useful, as the estimate of the long-term potential market is
of particular interest for system planners, policymakers, and distribution network operators –
who need forecasts of future adoption in order to inform their strategies.

3.2.4 Empirical strategy

The main goal of the econometric analysis in the present paper is to find the best choice
of parameters that describe the market share data §mt at each municipality m and at each
instant in time t. The standard approach proposed by Berry, Levinsohn, and Pakes 1995 is to
minimize an objective function that depends on the individual fixed effects δmt subject to the
constraint that the expression for the market share in each market (as introduced in section
3.2.2) must be equal to the observed market shares. This can be achieved with the so-called
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technique of demand system inversion, as proposed in Berry, Levinsohn, and Pakes 1995 and
Nevo 2000.

In Berry, Levinsohn, and Pakes 1995 (as well as in much of the literature published
afterwards), it was also necessary to introduce instrumental variables in order to avoid the
issue of endogeneity between prices and market shares. In the case of DG adoption modeled
in this paper, however, the endogeneity issue can be avoided, and therefore it is possible to
run the econometric regressions with no need for instrumental variables. This happens because,
as it will be explored in section 3.3.3, the heterogeneity in the unit price of the solar system
p1 is modeled by the solar irradiation levels in each municipality – which allow consumers to
produce more electricity with the same equipment, driving the price in $/kWh down. In turn,
the electricity tariff p0 is also determined according to a methodology set by specific-purpose
regulations (rather than being driven by market forces): in Brazil, this tariff is only revised once
per year, and its dynamic is essentially independent of the dynamics of consumers adopting DG
solar systems. If adoption rates increase substantially, one could argue that the electricity tariff
could be endogenously affected by this consumer migration, as (according to the official formulas
for calculating the regulated electricity tariff) the fixed cost that distribution companies need to
recover would need to be recovered from only non-adopting consumers Cavalcanti de Jesus 2019.
In practice, however, the levels of DG adoption observed in the dataset used for the analysis
are still insufficient to have any measurable effect on the electricity tariff (as less than 0.01% of
system demand is supplied by rooftop solar systems), which implies that also p0 can be treated
as entirely exogenous. As a consequence, the problem simplifies to a least squares optimization
problem as illustrated in equation (24), subject to the constraint shown in equation (25) – which
is based on equations 19 and 21.

It’s worth noting that, in line with the developments presented in section 3.2.3, one
would expect the fixed effect parameters δ1t to approximately follow a polynomial relationship
with the time variable. Our main empirical strategy thus explicitly represents the time effects as
a second-degree polynomial in the time variable in order to draw parallels with the conventional
representation: δmt as represented in equation 20 can thus be written as δ0m+δ1t , with δ1t defined
according to equation 22. The municipality-specific effects δ0m, in turn, are treated as simple
fixed effects (making no assumptions regarding their underlying structure).

min
∑
mt

(
δmt −

(
δ0m + β1 · t − β2 · t2

))2 ≈ min
∑
mt

(
δmt −

(
δ0m + δ1T )

))2
(24)

Smt =
1

Nm − ∑
τ<t nmτ

∑
i∈m

exp (δmt + ϕ(θ, Yit))
1 + exp (δmt + ϕ(θ, Yit))

(25)

One final consideration is with regards to periods in which the market share Smt is equal
to zero: in those circumstances, the equality described by equation (25) breaks down, as the
parameter δmt would need to approach minus infinity in order to yield a zero share. The issue of
observing Smt equal to zero is associated with having a market share that is too low in comparison
to the total market size N total

m , and it has been explored in detail by Gandhi, Lu, and Shi 2020.
Even though other strategies for handling zeros exist, such as the “aggregation” of markets until
the zeros disappear (as discussed in Groote and Verboven 2019), the solution strategy we adopt
in this paper, following Gandhi, Lu, and Shi 2020, is to introduce a range of acceptable values for
the right hand side expression in equation (25). In practice, this implies that, when Smt is equal
to zero, any choice of parameter δ that yields a mzrket between zero and 1/N total

m is compatible
with historical observations and does not need to be penalized in the objective function. It’s
worth highlighting that N total

m is the total number of residential electricity consumers in a given
municipality (which, for simplicity, was considered to be constant over time), which is not related
to the number of samples of individuals Nm used for the numeric integral in equation (25).

43



3.3 Background and data collection

3.3.1 Electricity tariff and other key elements of the Brazilian electricity sector

Residential consumers in Brazil are not allowed to choose an electricity retailer – they
are rather treated as regulated consumers and must be serviced by the distribution company
(Distco) that has a concession to operate in the particular geographical area where the consumer
is located. There are currently over 100 companies operating in the distribution and retail sector
in Brazil, though most of them are very small: the 37 largest Distcos, as depicted in Figure
14, cover more than 99% of the country area and around 99% of the total regulated electricity
market.

The tariff at which residential consumers must purchase electricity from the Distco that
services them is also regulated: each distribution company undergoes a tariff revision process
every four years where their retail tariff and wire tariff are determined, based on their average
electricity purchase costs, loss factors, remuneration of their network’s regulatory asset base and
operational costs, and other elements. Every year, they also undergo a simpler tariff adjustment
process, essentially accounting for inflation and fluctuations in financial flows throughout the
year, in order to the Distco’s exposure to some classes of financial risks. Because tariffs are
calculated in this cost-based manner, the Distco cannot influence their calculation via a pricing
strategy; and furthermore the marginal cost of supplying electricity has been virtually unaffected
by the levels of DG adoption observed in the Brazilian market up to this point. It is thus possible
to conclude that electricity tariffs (represented as p0 in the consumer choice model developed
in chapter 3.2) are essentially exogenous to consumers’ adoption choices for the purpose of our
empirical strategy.

Because the methodology for calculating the electricity tariff is the same across the
country, differences between the Distcos’ physical characteristics and contract portfolios create
geographical differences in the electricity tariff – although similar consumers within a single
Distco will perceive the same tariff regardless of their location. Different distribution companies
also carry out the tariff revision process in different months (as determined by the date of their
concession contract) – which serves as another source of heterogeneity in p0.

Figure 14: Concession areas of the main Brazilian Distcos. Source: own ellaboration based on
ANEEL data
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With regards to the residential electricity retail tariffs, it’s worth noting that the entire
retail tariff is charged on a volumetric basis (per kilowatt-hour), even though the regualtion
makes a distinction between the tariff components that serve to remunerate “variable costs”
(typically associated with the energy tariff, TE) VS “fixed costs” (typically associated with the
tariff for the use of the distribution system, TUSD). An approximate breakdown of the various
components and subcomponents of the current Brazilian electricity tariff for a typical residential
consumer is as shown in Figure 15 below.

Figure 15: Example breakdown of the total regulated tariff for a typical residential consumer in
2017. Source: own ellaboration based on ANEEL data

In practice, the tariff data (corresponding to p0 in the econometric model) was gathered
from ANEEL’s official database SAMP for each distribution company – all municipalities ser-
viced by the same Distco face the same electricity tariff. The process for representing p0 was
made significantly simpler by the fact that the present paper only addresses the case of the
residential electricity sector: for a more detailed assessment of economic incentives perceived by
other consumer classes (and voltage levels), see Cunha 2021a.

3.3.2 Distributed generation regulation and adoption levels

In 2012, Brazil first introduced regulations explicitly allowing consumers to be self-
supplied by DG facilities via a “net metering” scheme. This mechanism essentially implies that
consumers will only pay for the electricity they consume that is effectively supplied by the utility
company, and that each kWh of electricity exported to the grid could be used to offset 1 kWh
of consumption at other hours (at least in the case of residential consumers – for consumers
connected at higher voltage levels there are special provisions for differentiating electricity ex-
ported to the grid at peak VS off-peak periods). There are some caveats to this description: for
example, the Brazilian regulation refers to a “grid availability” cost that DG adopters must still
pay to the Distco. However, in the case of low-voltage residential consumers, this availability cost
manifests only as a minimum consumption threshold that must be bought from the distribution
company each month. This implies that, rather than installing a DG solar system large enough
to cover their entire demand, adopters will choose a capacity sized to cover their demand minus
the minimum monthly purchase (100 kWh for consumers that have 3-phase electricity supply –
which tends to be the case for most DG adopters). Seeing that the marginal cost of the DG route
is not affected by the “availability cost” charged in this manner, we expect this representation
to reasonably describe consumers’ choice.
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It’s also worth mentioning that the regulation has been amended over the years, even
though the core elements introduced in 2012 have persisted. In 2015, when provisions were added
making it easier for adopters to benefit from solar systems not located in the same consumer
unit; and since the beginning of 2019, there have been public hearings and proposals to reduce
the benefit offered to adopters of rooftop solar systems, making it so that the cost offset per
unit of kWh exported to the grid is lower than the electricity tariff. These recent proposals for
amending the Brazilian net metering regulation were based on the tariff breakdown depicted in
figure 15, arguing that as adoption increases it would become desirable to require owners of DG
system to pay for at least some infrastructure cost components imbued in the electricity tariff,
such as the “Fio B” distribution costs. Even though these proposals have advanced very little
(if at all) in the two years since they were first proposed, it is possible that an expectation of
regulatory change could affect consumers’ propensity to adopt. However, in the data set utilized
in this paper (up to end 2019), there seemed to be no clear influence from these discussions on
adoption rates, and it was considered unnecessary to make special treatments for this possible
effect.

Thus, in practice for our econometric analysis of the history of DG adoption in Brazil it
is possible to consider that residential low-voltage DG adopters can fully offset their electricity
tariff owed to the electricity supplier company: p0, the price of being supplied directly from the
grid, is as discussed in section 3.3.1, while the price of the DG supply alternative p1 will be
explored in detail in section 3.3.3.

The outcomes of the Brazilian net metering policy are illustrated in figure 16: Even
though adoption was very close to zero for several years following the introduction of the net
metering regulation, total installed capacity of solar rooftop systems soon began to rise rapidly,
from 150 MW in 2017 to 400 MW in 2018 and over 1500 MW in 2019. 2020 faced a rupture in the
trend and s slight slowdown in new installations due to the Covid-19 pandemic, but incremental
adoption still managed to grow to 2500 GW in that year. Even though these numbers still pale
compared to the system’s peak demand of approximately 85,000 MW, if the exponentially rising
trend continues they could be reflective of an important transformation. It’s worth noting that, in
the present paper, we will focus on the Residential class of adopters exclusively, as demographic
data on households is more readily available and this is one of the most significant market shares
– see Cunha 2021a for a more comprehensive assessment of other consumer classes and how they
choose to adopt DG supply alternatives.

The regulator ANEEL makes available a detailed database of DG systems registered as
beneficiaries of the net metering regulation, as reported by the utility company. This database
includes information on the location of the connection (in particular the municipality where
it was installed), the owner of the facility (physical or legal person), the technology of the
installation, the type of compensation (remote self-consumption or not), the consumer class and
voltage group, the connection date, and size of the system in kW. Even though this database
does not include socio-economic information on individual adopters (other than what can be
indirectly inferred by the system size, which is an indicator of how much electricity they consume)
and it does not include any information on non-adopters, it is still valuable for calculating the
market shares of adoption at each point in time Smt. The calculation of market shares follows
the procedure described in section 3.2.3, using information on the number of households in
each municipality and on adoption at previous periods. The data set was organized into yearly
incremental adoption data between 2015 and end 2019.

3.3.3 Price of the rooftop solar DG option

Even though the electricity tariff p0 is typically described directly as a price per kilowatt-
hour of electricity consumed, the case of rooftop solar systems is not as straightforward: con-
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Figure 16: Historical evolution of the cumulative DG installed capacity. Source: own elaboration
based on ANEEL data

sumers must invest in a solar system (typically a large upfront investment) and continue to pay
for the maintenance of the system over its useful life, and the system itself will deliver electricity
in accordance with the characteristics of the rooftop system (such as area covered and angle
of orientation to the sun’s east-west path) and the solar irradiation of that particular location.
In order to translate these characteristics of the DG investment into a unit price p1 that can
be compared to p0, it is necessary to calculate the ratio between the discounted cashflows Rτ

that need to be made at each period τ until the end of the solar system’s useful life and the
discounted values of electricity produced over its useful life gτ , as illustrated in equation (26) –
an expression commonly referred to as a levelized cost of electricity.

p1 =
∑

0≤τ≤T βτ Rτ∑
0≤τ≤T βτ gτ

(26)

A simplified overview of the payment profiles involved in the calculation of the levelized
cost p1 is presented in figure 17. Some of the main features of this cashflow are as follows:

• The largest cost component is of course the upfront cost, or CAPEX, of the solar system,
which we represent as k and as being paid the year before it begins operating. Thus, we
can write R0 = k

• The operations and maintenance cost (O&M), which represents a recurring payment to
ensure the system maintains its performance during its lifetime (including insurance), is
around 1.5% of the upfront CAPEX for residential solar panels. This payment remains con-
stant in real terms over the plant’s useful life. Thus, for the years 1 though 30 (representing
the useful life of the plant), we will have Rτ = 0.015 · k

• Even though solar panels typically have a useful life of 25 to 30 years guaranteed by the
manufacturer, the electrical equipment (the inverter) needs to be replaced at around year
15. Thus, an additional “replacement” cost is represented at around year 15, with value
equal to 15% of the upfront CAPEX, to allow the system to continue operating. Thus, for
the year 15 specifically, it is necessary to add a second component R15 = 0.15 · k.
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• The yearly production of the solar system (which makes up the denominator of equation
(26) and is labeled as “benefit” in figure 17) is proportional to the size of the solar system
in kW, with the quality of the solar resource at a particular location being a key input.
This resource is given by climate variables of each particular location, such as latitude
and average cloud cover. If we interpret k as a cost proportional to the unit size, then
a “baseline” for the annual electricity production in the denominator of equation (26) is
the average number of hours of solar irradiation per year η. Note that this proportionality
constant that describes how much a system of a particular size can produce can incorporate
several other factors, such as vertical axis tilt of the rooftop, azimuth angle, losses in the
wiring, losses due to eventual shading or soiling of the panels, and other effects.

• One additional modification that must be made to the denominator of equation (26) is
that there is a degradation effect in the solar panels that leads them to losing around 0.5%
of their potential output each year. In practice, this means that the output of the plant
at time τ will be equal to 0.995τ · η. Note that this implies that the denominator follows
a goemetric progression with quotient 0.995 · β.

Figure 17: Simplified representation of the cashflow of a rooftop solar system

It’s worth highlighting that, because each of the cost components R in the financial
model has been described in proportion of the CAPEX, it is possible to write the total price
p1 as represented in equation (27), using standard expressions for geometric progressions. Note
that this result is proportional to the solar system CAPEX k, inversely proportional to the
annual output metric η that incorporates solar irradiance and other elements of solar produc-
tion efficiency, and directly proportional to a nonlinear function of consumers’ time preference
parameter β. Because our equation that describes consumer preferences as developed in chapter
3.2 only depends on the logarithm of the price, this multiplicative constant transforms into an
additive constant – and thus, even though there is some uncertainty regarding the discount
rate that consumers effectively use in order to make their decisions, this information can be
incorporated into the fixed effect term and it does not affect the estimation of the coefficients
of consumer’s preference in the logarithm of price. For the purpose of the analyses presented in
the quantitative section of the paper, we assume that consumers perceive the price p1 using a
discount rate corresponding to 10% per year (yielding β = 1/(1 + 10%)).

This 10% rate is somewhat arbitrary, though it is generally compatible with the Brazilian
reality. The Brazilian Central Bank’s interest rate (which should be taken as a lower bound to
the parameterization of consumers’ time preference) has fluctuated between 2% and 15% since
2007, with a median value of 6.5%. Even though the true discount rate considered by consumers
when making their decisions can be difficult to pinpoint, as argued earlier calculating p1 up to
a multiplicative constant is sufficient to yield robust results – and consumers’ heterogeneity in
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the time discounting parameter they use can even be understood as part of their “type”, making
them more or less likely to adopt the DG route.

p1 =
k

η
· f(β) =

k

η
· 1 + 0.15β15 + 0.0151−β30

1−β

1−0.99530β30

1−0.995β

(27)

The expected output of the solar system η was estimated based on georeferenced weather
data (solar irradiation and temperature) at the location of the largest cities on each Distco’s
concession area. Figure 18 illustrates the solar irradiation as represented in this data set: be-
cause the energy irradiated from the sun at a reference peak power intensity corresponds to
approximately 1000 W/m2, solar irradiance measured in kWh/m2 can be interpreted as a num-
ber of “full-strength solar hours” each day. The solar irradiation, along with temperature data
and other considerations that affect system performance (as described above), were consolidated
into the parameter η of potential annual production per kW of installed capacity – and for sim-
plicity, a single value of η was represented for each municipality. Note that this variation in the
quality of the solar resource was the only source of heterogeneity in the price p1 considered in
our analyses – which justifies why in our empirical strategy p1 can be considered fully exogenous
to consumers’ adoption preferences (as highlighted in section 3.2.4).

Figure 18: Overview of average solar irradiation across the Brazilian territory, interpreted as
peak sunlight hours per day. Source: NASA’s SWERA project

Finally, the price of the total upfront cost of the system for Brazilian DG adopters k
was obtained for each semester since mid-2016 from market surveys published by the Greener
consultancy company (Greener 2018). For periods prior to 2016, an extrapolation was carried
out based on the international cost of the imported solar equipment (modules and inverters)
plus and typical markups charged by aggregator companies. This price is commonly described
as a price per unit of peak capacity of the solar panel in $/kW.

It’s worth noting that some of the DG literature has historically used a “payback”
variable to describe how consumers’ adoption of the new technology varies as a function of
price. This payback variable is essentially proportional to the price ratio p1

p0
, in particular in

the case where p1 is proportional to k
η as depicted in equation (27). This has been one of the
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motivations behind the choice of parameterization for the problem adopted in chapter 3.2.

3.3.4 Municipality data collection

Note that, even though the authors did have access to individual solar rooftop instal-
lations identified per municipality (as discussed in section 3.3.2), in order to represent these
adoption rates as a market share, the information on the number of consumer units in each indi-
vidual municipality is an important input variable. Even though the total number of residential
consumer units of the distribution company as a whole is known (as addressed in section 3.3.1),
each distribution company usually services several municipalities. An initial breakdown of the
number of consumer units per municipality can be obtained from the Brazilian 2010 Census,
which identifies the number of households in each municipality that is supplied by the national
electricity grid. The evolution of the number of grid-supplied households between the date of the
Census and the years of analysis was assumed to follow the same trend as population growth
within that period, and then a final adjustment factor was implemented (equal for all munici-
palities serviced by the same Distco) to make sure that the total number of consumer units adds
up to the Distco-level data.

The Brazilian 2010 Census was also our main data source for demographic characteristics,
as the detailed data for a representative sample of households encompassing all of the country’s
municipalities enables the representation of the probability distribution of the demographic
variables over which the adoption model must be integrated. The Census database contains 5.7
million individual entries (all of which were used in the numerical integral highlighted in section
3.2.4), grouped into 5500 municipalities.

A few demographic variables were selected as explanatory variables for the econometric
regression, based on a fundamentalist notion of what characteristics were most likely to signifi-
cantly affect households’ propensity to adopt the solar DG option. These variables are denoted
with a subscript Dname, which is also used to refer to their respective regression coefficients:
Πname. We highlight some of the most important chosen variables and the reasoning behind
their selection below.

The variable Dlog.income, perhaps most straightforwardly, represents the logarithm of
the total household income. Empirically, high-income households tend to be observed to have
a greater propensity to adopt DG options – which can be explained by a multitude of factors,
such as easier access to credit (which can affect the time preference parameter as discussed
in section 3.3.3), more opportunities to be exposed to innovation, and/or economies of scale
associated with system size (see Greener 2018). Regardless of the underlying correlations that
lead to higher-income consumers also having higher propensity to adopt, we expect to be able
to synthesize these effects into the corresponding linear coefficient Πlog.income.

The variable Dhas.roof indicates whether the dwelling “has a roof” or not – all house-type
dwellings were classified as having a roof, and other living arrangements (such as apartments or
rented rooms) were listed as not having a roof. Note that not having a roof does not necessarily
disqualify a household from being a DG adopter, as it is possible to make communal arrange-
ments (i.e. several consumers can benefit proportionally from the same DG system) and/or
install DG units remotely (even though this alternative is not too widespread in practice, as
seen in section 3.3.2). Nonetheless, it seems reasonable to expect that the availability of ample
space to install the rooftop solar system could positively affect adoption.

The variable Dis.rural indicates whether the household is rural (or, conversely, urban).
This parameter can also be interpreted as somewhat indicative of space constraints, though more
rural areas can also carry additional connotations regarding exposure to potentially innovative
technologies.

50



The variable Dis.owned indicates whether the household is owner-occupied or not (in
which case the dwelling can be rented, loaned, or other arrangements). One might expect that
homeowners would have a much greater propensity to adopt the rooftop solar system, as it
would increase value of their property directly (whereas renters would need to negotiate with
their landlord to ensure they get full value from their system in case they move).

3.4 Results

3.4.1 Descriptive assessments of the data

The complete data set of Census data, after filtering out municipalities that do not have
any adopters of DG, has just over 5 million entries, while the panel data of municipality-specific
data contains a total 4073 municipalities over five years (from 2015 to 2019). Even though each
of these municipalities has at least one year with nonzero market share (that is, at least one new
installation of a residential solar DG system during the year), only around just below half of
the panel data entries (around 9000 entries out of a possible 20000) have market shares greater
than zero. As described in section 3.2.4, zero data entries are not discarded from the data set,
although they have a different treatment and only leads to a penalty in the objective function if
the model foresees an adoption market share greater than the inverse of the number of consumer
units in that particular municipality, divided by two. A summary of the input data (broken down
into the large table of demographic data and the comparatively smaller table of panel data) is
presented in table 7.

Table 7: Descriptive statistics of the data used in the regressions

Number of Entries Total
Demographic data 5012269
Municipalities with panel data 4073
Panel data (complete) 20365
Panel data (nonzero adoption) 9027

Demographic data Mean Standard deviation
isRural 0.1661752 0.3722379
hasRoof 0.9183901 0.273769473
isOwned 0.7354855 0.441074347
LogIncome 7.2450278 0.9861793

Panel data (nonzero) Mean Standard deviation
Number of households 28695.4 136926.1
Market share of adoption 0.001428744 0.003181559
logP0 6.328138 0.1136445
logP1 6.12641 0.212911
logdeltaP 0.2017279 0.2994923

Given the importance of the price parameter for the regression, it is useful to describe
it in more detail. Figure 19 illustrates the main historical price movements for both the average
retail tariff and the cost of distributed generation – it is interesting to highlight some of the most
noticeable movements that have affected most Distcos and consumer classes in a similar way.
Firstly, the retail tariff was forcefully decreased in the beginning of 2013 in a politically-charged
event – but the lower tariff level soon proved unsustainable and it became necessary to revise
tariffs upwards in the beginning of 2015. Secondly, it should be noted that the price of the
solar DG system is highly dependent on the exchange rate (as the equipment is imported): even
though the international price has remained decreasing for virtually the entire period of interest,
the devaluation of the Brazilian real in 2014-2015 and in the first half of 2018 have been a key
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factor driving prices upwards. Interestingly, the revisions in the net metering mechanism from
Resolution 687 came out at a point when the DG solution was particularly undesirable due to
a spike in the exchange rate: the cost of the solar system has fallen significantly since then.

Figure 19: Historical evolution of the electricity tariff and of the levelized cost of the DG solar
system for low-voltage commercial consumers (average across Distcos). Source: PSR

In a prelude to the econometric assessments, figure 20 describes the logarithm of in-
dividual municipalities’ cumulative market share data of DG adopters up to end 2019 as a
function of the price ratio p1/p0 observed as of end 2019 in those same municipalities. This data
is not exactly the same as the one ultimately used in the analyses (which includes a more de-
tailed breakdown of adoption each quarter, additional demographic variables, and more precise
treatment of municipalities with zero adoption), but it already tentatively indicates a negative
relationship between the price driver and the adoption rate (as expected). The price of the solar
system was calculated using the methodology presented in section 3.3.3.

Figure 20: Relationship between municipalities’ long-term estimated adoption rate and the price
driver

It is interesting to highlight that the range of values presented in the horizontal axis in
figure 20 suggests that all municipalities currently face a situation in which the price of the DG
supply alternative p1 lies between roughly 50% and 80% of the tariff p0. Even though this seems
to indicate that the DG option is everywhere cheaper than the conventional grid supply option,
this is actually a consequence of the 10% discount rate adopted as a benchmark: as discussed in
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section 3.3.3, the level of the perceived price p1 is dependent on the discount rate considered, and
if consumers are more conservative (incorporating regulatory risk into their discount rate, for
example) this could mean that they can still perceive the DG alternative to be costlier (though
for practical purposes, in our quantitative analysis this would be incorporated into the fixed
effect parameter δ).

3.4.2 Econometric results

Table 8 summarizes the quantitative results for four key regressions carried out using
the available dataset (the results are discussed in more detail below). Regression 0 uses all
principles detailed throughout the previous sections and the full set of selected demographic
variables as regressors; whereas Regressions 1 and 2 are slightly modified versions of Regression
0 that eliminate one of the demographic variables (motivated by the low p-values observed in
Regression 0). The difference between Regression 1 and Regression 2 is that Regression 1 includes
a quadratic time coefficient, whereas Regression 2 eliminates this non-statistically significant
term. Regression 3, in turn, represents an exercise in which both (log) price variables, p0 and
p1, were assigned independent regression coefficients (rather than a single coefficient applied to
the ratio log p0

p1
). Note that, in table 8, γ refers to coefficients of the log-price variables, Π refers

to the coefficients of the demographic variables, σ refers to the coefficient of the independent
random variable, and β refers to the coefficients of the time polynomial (linear and quadratic
coefficients). Ultimately, Regression 2 yielded the most statistically significant results: however,
in the following results sections, we will typically opt to use Regression 1 results instead – seeing
that both sets of coefficients are highly compatible with one another and a quadratic term in the
time polynomial allows for an analogy with the features of the Bass diffusion model, as discussed
in section 3.2.3.

Table 8: Regression coefficients and corresponding standard errors in brackets. Stars added
according to estimators’ p-values: * > 0.1, ** >0.05, *** >0.01

Regression 0 Regression 1 Regression 2 Regression 3
isRural (Π1) 2.519*** 2.354*** 2.343*** 2.197***

(0.913) (0.697) (0.844) (0.848)
hasRoof (Π2) 3.202 7.555** 11.008** 12.642*

(2.702) (3.563) (4.320) (6.774)
isOwned (Π3) -1.353

(1.706)
logIncome (Π4) 0.530*** 0.908** 0.902* 0.863*

(0.165) (0.410) (0.505) (0.510)
log deltaP (γ) 3.606** 4.270*** 4.139***

(1.634) (1.323) (1.587)
log P0 (γ0) 2.215

(2.017)
log P1 (γ1) -8.690**

(3.391)
Time (β1) 0.913 0.825 0.595*** 0.710***

(0.622) (0.516) (0.186) (0.198)
TimeSq (β2) -0.068 -0.056

(0.132) (0.109)

Demographic coefficients
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Perhaps one of the most surprising results of Regression 0 was finding an unexpected sign
(albeit not statistically significant) for the “Is Owned” demographic variable, which describes
whether the household is occupied by the owner (as opposed to rented or other arrangements).
Even though one might expect that homeowners would have a greater propensity to adopt
solar DG systems (as they effectively convert into investments into one’s own property), this
apparently intuitive effect was not supported by the data. It is possible that the owner may still
play a role in making the decision to install DG facilities in their properties even while not living
in them (which could justify the apparently large number of non-owner-occupied households with
DG solar systems), although it is difficult to make an assessment of this effect without more
detailed microdata. In practice, for Regressions 1 through 3 the authors opted to eliminate the
isOwned variable from the list of regressors.

Once this change was made, all coefficients pertaining to the other demographic variables
evaluated (IsRural, HasRoof, and LogIncome) yielded quite robust results – always statistically
significant at least at the 10% level (and often at the 1% level), large in magnitude, and with the
expected sign. A result that is particularly noteworthy is the very large coefficient of the HasRoof
variable, which indicates that house-type residential units (according to the Census classification)
are at least eight times more likely to adopt a DG system than apartment-type or room-type
accommodations. While this result is intuitive, as it is directly related to the availability of
rooftop space, it is interesting to note that this large-magnitude coefficient emerged directly
from the data with no need to impose exogenous assumptions. It is also worth noting that the
standard error of this estimated variable is in fact quite large – however, because the parameter
itself is also far from zero, statistical significance is achieved.

The other coefficients that also play a prominent role are the IsRural and LogIncome
variables. IsRural indicates whether a household is urban or rural in nature according to the
Census classification, and appears to indicate that rural households have a higher propensity to
adopt the solar unit – a result that (much like the HasRoof variable) could be related to the
availability of space for the rooftop solar unit. The LogIncome variable, in turn, represents the
result that higher-income households tend to have a greater propensity to adopt the DG unit.
There are several ways in which income and propensity to adopt can be positively correlated –
such as higher education (which may lead to learning about the DG opportunity and evaluating
its attractiveness sooner), easier access to credit (which may affect the perceived price of the solar
system as detailed in section 3.3.3), higher cost offset (as the minimum rate that the distribution
company is able to charge from DG adopters represents a higher share of total consumption for
low-income households), and even economies of scale of the residential solar unit. Regardless
of the cause for this outcome, the positive coefficient to the LogIncome variable confirms that
subsidies to DG installations is likely to be socially regressive – an issue that has been raised in
the past in Brazil during discussions on potential policy revisions and that will be explored in
more detail in section 3.5.2.

Price coefficients

The price coefficient was once again quite robust across all regressions: Regressions
1 through 3 yielded a regression coefficient with the correct sign, quite large in magnitude,
and statistically significantly different from zero at least at the 5% significance level. All three
regressions also seem to agree on a magnitude of approximately 4 for this coefficient.

Regression 3 presents an alternative exploration that separates the coefficients of the
p0 (electricity tariff) and p1 (cost of the DG system) variables. As highlighted in section 3.2.2,
different coefficients could be tied to different elasticities of electricity demand depending on
whether the consumer is supplied by the grid according to the fundamental model used to assess
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consumer preferences; and seeing that we do have heterogeneous (and independent) values of
both p0 and p1 in our dataset (as highlighted in sections 3.3.1 and 3.3.3 respectively), it is
possible to test the hypothesis of both the same coefficient being applied to both log prices.
Note that, because both log prices were represented in the regression equation with a positive
sign, Regression 2 yielded a positive coefficient for p0 and a negative coefficient for p1, which
is exactly what one would expect. Even though the coefficients yielded from Regression 2 had
at fist glance quite different magnitudes, it is necessary to evaluate the combination of these
coefficients – yielding coefficients γ̂+ and γ̂− that multiply p0 + p1 and p0 − p1 respectively.
We find that the coefficient γ̂+ is not statistically different from zero, which implies that the
specification of Regression 1 (which only includes a coefficient corresponding to p0 − p1) may be
sufficient for capturing the effect of price on consumer adoption.

The relatively low variance of the logarithm of the electricity tariff across municipalities
may have contributed to the high variance in the p0 coefficient, which was itself not statistically
different from zero in Regression 2 and is one of the main reasons for γ̂+ not being statistically
significant. Nonetheless, the cost of the conventional electricity supply does seem to play a
relevant role, and considering the higher magnitude estimate for the coefficient that multiplies
the p1 variable in Regression 2 could overestimate consumers’ price sensitivity. Ultimately, the
authors do not find that there is evidence supporting usage of two different γ coefficients, and
recommend using Regression 1’s γ coefficient (equal to 4.27) for general applications.

Time coefficients

Regarding the time coefficients, as discussed in section 3.2.3, it is possible to relate the
regression coefficients β1 and β2 to the innovation and imitation parameters p and q commonly
adopted in the literature of technology diffusion models. Therefore, this representation of the
time effect as a polynomial equation represented an attempt to hopefully join streams with the
conventional literature on DG adoption and forecasting, despite the differences in methodology
used in the present paper – which could lead to an interpretation of the present paper’s coef-
ficients that could more readily be incorporated into official applications by policymakers and
system planners (see, for example, Sigrin, Michael Gleason, et al. 2016 and EPE 2019).

Unfortunately, neither the linear nor the quadratic time coefficients from Regression 1
proved to be statistically significant, as there is a particularly significant standard error around
the β2 component. Regressions 2 and 3, on the other hand, which only considered the linear
coefficient β1, did yield statistically significant results – likely because of the small number of
samples in the time dimension considered. The reason for this behavior is quite clear from a visual
assessment of figure 21, which translates the polynomial coefficients obtained in Regressions 1
and 2 into explicit functions of time (note that the behavior of the polynomials for Regressions
0 and 3 are very similar to those two). The linear function in time is a very good approximation
of the concave function for the range of periods considered, and given the small number of years
in the sample it can be difficult to differentiate between the effects that are linear in time or
quadratic in time.

It’s worth noting that, while it would also be possible to run a regression taking the
time coefficients as unconstrained fixed effects rather than a polynomial representation, this
type of approach has two important limitations – which is why the authors chose not to include
it. Firstly, the time fixed effects approach does not allow for easily extrapolating the results in
order to estimate adoption levels in future periods, which would be an important limitation.
Secondly, it’s worth highlighting that the number of municipalities where zero adoption was
observed in the first couple of years (t0 and t1, or 2015 and 2016) is very large, which implies
that uncertainty surrounding these temporal fixed effects is very large. Analyses with a time
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fixed effect do corroborate at the very least that there is an increasing trend in the coefficients
associated with each of the five years in the record, although the large standard error of these
parameters make it difficult to have any further insights regarding the underlying structure.

Figure 21: Comparing the polynomials from Regressions 1 and 2. The year 2015 is represented
as “t0”

For these reasons, we will give preference in subsequent analyses to the Regression 1
result, as it allows for a more thorough comparison with conventional models of DG adoptions
such as Sigrin, Michael Gleason, et al. 2016 – as described in section 3.2.3. Nonetheless, the
high uncertainty in the β2 parameter will compel the authors to make additional sensitivity
assessments surrounding this result.

3.5 Analyses and policy implications

3.5.1 Forecasting adoption rates

Based on the regression results obtained in section 3.4.2, it is interesting to apply them
to forecasting the adoption rates of distributed generation in Brazilian municipalities in the
future. As described in section 3.2.3, there is an underlying implicit relationship between the
linear and quadratic coefficients of the model specification used in the present paper and the
so-called “diffusion model” representation, as described in section 2.3.1. The Regression 1 results
point to an “imitation coefficient” q equal to 0.825 and an “innovation coefficient” p equal to
0.068, which is very much in line with other references in the literature. In Cunha 2021a, which
also studied the Brazilian DG market specifically, an “imitation coefficient” q equal to 1.068
and an “innovation coefficient” p equal to 0.0035 were found to be the best fit to the data. The
agreement in the order of magnitude of the coefficients q of the two independent analyses is
remarkable, and even though there is a greater discrepancy in the estimation of the p coefficient
this is a parameter that is notably more difficult to estimate due to it being very close to zero.
In Sigrin, Michael Gleason, et al. 2016, another reference that proposes parameterizations for
the adoption of DG, but more focused on the US market, an imitation coefficient q of around
0.36 and an innovation coefficient p of around 0.00001 are recommended.

The implications of these parameters for the adoption rate can be assessed by calculating
the fraction of the population that adopts the DG option over time. For this exercise, we apply
the dynamic process described in section 3.2.3 sequentially, applied to the same distribution of
municipalities and demographic variables used in the analysis. We recreate the diffusion process
starting from time equal to zero (not using, therefore, the historical adoption data in Brazil).
The result of this exercise is the share of the total number of Brazilian households that choose to
adopt the DG system each year, as well as the cumulative number of adopters each year, out of a
total 67 million households. Both the total number of electricity consumers and the prices of the
two routes are assumed to remain constant during the simulated dissemination process, equal to
the values of these two variables in 2019. The result of this exercise using the parameterization
described by the coefficients from Regression 1 is depicted in figure 22 (though note that the
incremental adoptions each period are not to scale).
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Figure 22: Market share over time in a simulated adoption process: Base case

Note that the simulated process yields an S-shaped curve for the diffusion process, and
that the peak for the incremental adoption curve occurs at year 8. Yet another important
takeaway from figure 22 is that there is clearly a saturation of the DG market at a relatively
low level, as the blue cumulative adoption curve never surpasses 2.8% of the total households.
This saturation is in line with the expected features of this model as highlighted in section 3.2.3,
as the quadratic term tends to dominate for later periods t, leading adoption rates to fall to
virtually zero. It is worth noting once again that this S-shaped curve is obtained by aggregating
the behavior of all types of end consumer in the Brazilian market.

Figure 23 explores this same diffusion process under two alternative parameterizations
for the time-sensitive parameter. The top graph in red represents the parameterization from
regression 2, which does not introduce a quadratic term in the time polynomial (thus β2 = 0).
In this representation, note that the adoption is able to accelerate for much longer, as the
time-dependent fixed effect only grows with time (and thus the only limitation for adoption is
the 100% market share). The adoption peak occurs much later, in year 16, and the asymptotic
cumulative market share is much higher, approaching 90%. Note that one would expect that with
a coefficient β2 equal to zero adoption should eventually reach 100% of the market – however,
this did not occur within the 30 years modeled, most likely due to some populations for whom
adoption is highly disfavoured (mostly urban, low-income, apartment-dwelling households in
municipalities that the model considered to be particularly averse to DG adoption).

The bottom graph in figure 23 in turn uses an artificial set of parameters based on the
parameterization from Regression 1, changing only the coefficient β2 to be half of its optimal
value. This choice of parameterization is motivated by the fact that this coefficient, despite being
very important for governing the asymptotic adoption rate, has a large standard error compared
to the coefficient’s estimate. Indeed, the green curve in figure 23 asymptotically approaches a
total market share of around 29%, over ten times greater than the market share asymptotically
reached by the blue curve in figure 22, due to a change corresponding to a quarter of a stan-
dard deviation in the β2 parameter. The simulation with the lower β2 in figure 23 also yielded
incremental adoptions more spread out over time, with a less pronounced peak compared to the
other two simulations, and occurring in year 14 after the DG option is introduced.

In summary, even though the econometric analyses presented in this paper can provide
useful insights on the nature of DG adoption in Brazil (as will be explored in the following
sections), the large discrepancies between the simulations suggests that one must be careful
whenever extrapolating the econometric model’s results in order to obtain quantitative forecasts
for future periods. There are large elements of uncertainty involved, and additional data would
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Figure 23: Market share over time in a simulated adoption process: Alternative cases

be necessary in order to properly forecast the likely asymptotic adoption level in Brazil with
any degree of accuracy.

3.5.2 Profile of DG adopters and distributional effects

Even though the original database on DG adoption levels did not contain any information
on the demographic characteristics of the DG adopters (other than the municipality where they
live in), the regression results allow for drawing an accurate profile of who are the residential
adopters of DG in Brazil. The income profile of the adopters is of particular interest, seeing
that they can yield a distributional assessment of the consequences of the Brazilian DG policy.
Thus, analyzing the coefficient Π4 that describes the dependency of adoption rates with respect
to log income can allow for qualitatively and quantitative insights on the regressiveness of the
Brazilian DG policy.

For this exercise, we will carry out a simulation of adoption rates as a function of time
similar to the one presented in section 3.5.1, but this time creating an additional dimension of
differentiation representing tranches of consumer income levels. Figure 24 depicts a summary of
the distribution of incomes in the Brazilian population as collected from Census data, aggregating
across all municipalities. Note that this database suffers from some degree of reporting bias, as
the distribution appears to be very clearly concentrated in the neighborhood of psychologically
salient round numbers – such as an income equal to 500 or 1000 Brazilian reais per month.
Despite these artifacts, the smoothed probability distribution curve seems reliably well-behaved
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in order to carry out further analyses, indicating a mean income of around 1400 BRL per month
(log income of 7.25), with a standard deviation of 0.99 in the logarithmic form. Note that
these values are as represented in the 2010 Census and were not adjusted for inflation and/or
economic growth since that time, in order to maintain consistency with the representation of
the regressions.

Figure 24: Distribution of log incomes among Brazilian households

For a quantitative exercise of the distributional consequences of the adoption model,
figure 25 presents the results obtained from the parameterization of Regression 1 once again.
Note that each of the black lines corresponds to the representation of the cumulative market
share (out of the total number of households at a given wealth level) as a function of wealth in
each year, yielding this “striped” pattern. In later years (higher adoption levels), it is possible
to see that each of the cumulative adoption curves become closer and closer to one another, in
line with the saturation effect that had been observed in section 3.5.1.

Figure 25 also makes it clear that adoption rates are skewed towards the extremely
wealthy, with the top 0.1% of the income distribution reaching a market share as high as 25%
– even though, as depicted in section 3.5.1, the asymptotic adoption was found to be around
2.5% when considering all consumer households jointly. It’s worth mentioning that, in absolute
terms, the number of middle-income adopters (e.g. with a log income of 8 or so) is still higher
than the number of extremely wealthy adopters. However, proportionally wealthy consumers are
a lot more likely to become adopters of DG – and the differences in unit consumption can also
be significant, as wealthier individuals also tend to have higher levels of electricity demand.

Figure 25: Cumulative adoption curves (in black) for each year of the simulation, compared to
a background of the probability distribution of types

In order to illustrate the consequences of changing some model assumptions, figure 26
presents a sensitivity analysis similar to the regression 1 results but with a smaller β2 parameter,
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like the one introduced in section 3.5.1. Note that there is still an effect according to which
higher-income consumers have a higher propensity to adopt the DG solution, particularly in the
initial years of adoption, when the wealthiest tranches of society seem to be the main drivers
of innovation. In this alternative scenario, the higher adoption level attained for society as a
whole suggests that some degree of “trickle down” occurs, with the middle income group in
particular facing substantial growth. The very high income tranches seem to have stagnated in
the simulation at an adoption level of around 50%, leaving room for the middle-income classes
to catch up with the higher classes.

Figure 26: Cumulative adoption curves (in black) for each year of the simulation, compared to
a background of the probability distribution of types

In summary, adding demographic variables to the econometric assessment allows for
evaluating the distributional consequences of the Brazilian DG policy – which is especially
a concern in case lower-income households can be expected to shoulder the financial burden
associated with the individual choice to adopt DG of wealthier consumers.

3.6 Conclusion

The present paper has presented mathematical developments connecting two relevant
bodies of literature: (i) the literature on models for the diffusion of innovations pioneered by
Rogers 1962 and Bass 1969 and which typically describes adoption in terms of psychological
and network effects among consumers; and (ii) the econometric literature on consumer binary
choice, profoundly influenced by Berry, Levinsohn, and Pakes 1995 and which tends to focus
on consumers’ rationality and heterogeneity in order to derive adoption rates. Even though
these two classes of representation have very different starting points, they are not entirely
incompatible, and it is possible to draw insights from one and adapt parameter choices for the
other.

Another key contribution of the present paper is a case study of the Brazilian distributed
generation market for residential consumers: among the most valuable insights presented for this
particular case, it was possible to confirm that the adoption rate does seem to be dependent on
the logarithm of the price ratio between the two supply alternatives (the conventional supply
tariff p0 and the levelized cost of the solar system p1) following a logit model with coefficient γ =
4.27; and it was also possible to make an approximate assessment of the relative contributions of
the different variance components in consumers’ heterogeneity (variation between municipalities,
unobserved demographic variation within each municipality, and variance in the logistically
distributed pure DG preference parameter).

By proposing a robust theoretical framework capable of accommodating two very dif-
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ferent bodies of literature, this paper aims to produce a contribution that may be directly
incorporated into official studies carried out by Brazilian authorities .

The parameterization proposed in the present paper can be translated into the method-
ology used in official studies (see, for example, EPE 2019) in order to estimate the evolution of
the national DG market and inform national energy policy. There are some challenges to making
forecast efforts of this type (as highlighted in section 3.5.1), seeing that as small uncertainties in
the parameters tend to be magnified. Nonetheless, the exercises presented in section 3.5.1 does
serve as a useful roadmap for this particular type of forecasting endeavor (that is of particular
interest for system planners).

Another exercise carried out in the present paper involves corroborating with the (intu-
itive) observation that the DG policy is regressive, benefiting disproportionally higher-income
consumers. This is another important element of the puzzle for constructing an energy policy
and regulatory strategy for Brazil.
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4 Policymaker’s optimal pricing policy

4.1 Introduction

4.1.1 Motivation

One of the characteristics of the currently ongoing energy transition is increased agency
of electricity consumers, largely due to the increased availability of technologies that make it
possible for consumers to produce their own electricity and closely monitor and control their
consumption. The phenomenon of the dissemination of distributed energy resources (DER) in
particular is expected to play an increasing role in the energy transition that countries are ex-
pected to face over the next decade, as it becomes more attractive for individual consumers to
install their own solar generation systems, battery systems, electric vehicles with smart charg-
ing, and thermostats. Generally speaking, consumers are heterogeneous with regards to their
propensity to adopt such DER technologies, with some consumers valuing the green environ-
mental aspects of DER strongly (and thus being more motivated to seek these alternatives) and
others being more “neutral” to this aspect – as reported by Sigrin and Drury 2014.

Consumers of different types have been shown to be price-sensitive when making their
DER adoption choices – a fundamental microeconomic principle that has been corroborated by
the economic literature, as seen for example in Cunha 2021a and Groote and Verboven 2019. In
this sense, the regulator responsible for setting electricity tariffs (either the cost of purchasing
electricity directly from the grid or charges for electricity access from independent DER units)
can influence the adoption rate in a given market, and thus seek to optimize total social welfare if
it is able to anticipate individuals’ choices. Following a theoretical framework in line with the one
established by Laffont and Tirole 1993 for example, this paper explores the regulator’s optimal
choice of tariffs to be charged to the end consumers anticipating their propensity to adopt the
DER route. The theory of regulation framework constructed in this paper is very general, being
applicable to a number of countries currently experiencing rapid dissemination of DER (due to
falling equipment prices worldwide, sometimes aided by generous subsidies) – and potentially
also to other markets in which consumers make similar discrete-continuous choices of adoption.
In a structure that is common in the electricity sector and in the telecommunications sector,
for example, the discrete-continuous choice can involve the choice of a service provider followed
by an amount of service to be contracted. Another example lies in the transportation sector, in
which the choice of owning a car or not, and then on the total number of miles traveled, can
similarly be modeled as a discrete-continuous choice.

In this paper we will examine the case in which the regulator is able to influence both
the price of conventional grid-supplied electricity p0 and the price of a distributed generation
route p1 – the latter can be represented, for example, by an independent rooftop solar system
that needs to pay some “grid access charge” in order to be able to draw electricity from the grid
during the nighttime hours (in exchange for delivering a surplus during the daytime hours). We
will also examine more constrained subcases, for example in which the regulator can set p0 freely
but has no control over p1. One possibility that could lead to the regulator having no control
over p1 is in case consumers are able to completely “defect” from the electricity grid, for example
by installing a battery storage system along with solar panels in order to ensure that the grid
is not needed for balancing the system. In these cases, the regulator cannot justify charging a
“grid access charge” to the DER adopters, and thus cannot influence the perceived p1.

A key takeaway from the present paper’s proposed methodology is that the grid access
charge that policymakers should charge from the DER adopters should be such that consumers
perceive a total price p1 that is a multiple of the marginal cost of adoption. Any surpluses from
this energy sale contribute to remunerating the fixed costs of electricity supply. Note that the
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application of a proportionality factor is in line with the optimal tariff policy in the classical
Ramsey pricing case (see section 4.2.1), even though there are additional interaction terms due to
the possibility of consumers switching between the two possible supply routes. These subtleties
of the more complete model of policymakers’ choice will be explored throughout the present
paper, but in general they do not substantially change the core conclusion from Ramsey pricing.

We will finally apply the theoretical framework developed in the present paper to the
Brazilian distributed generation market, using data from Cunha 2021a in order to estimate the
deadweight loss to total social welfare of the country’s current electricity pricing policies.

4.1.2 Related literature

The central problem studied in the present paper, related to the optimal tariff-setting
strategy by a regulated firm, is very much related to the discipline of theory of regulation, with a
robust literature such as Laffont and Tirole 1993. In particular, situations where consumers have
convex preferences over how much to consume over two possible supply routes (q0 the amount
supplied by the electricity grid directly and q1 the amount supplied by a self-owned rooftop
solar system), a trivial extension of the classic Ramsey pricing result presented in section 4.2.1
would apply. Over the years, several extensions and developments regarding the regulator’s op-
timal pricing policy under various industry conditions and constraints have been studied – as
illustated, for example, by the work of Laffont, Rey, and Tirole 1998 (which studies the case
of competition between networks with access payments), Candogan, Bimpikis, and Ozdaglar
2012 (which explores externality elements in this type of problem), and Farrell and Klemperer
2007 (which assesses the effect of switching costs on pricing policies). Despite these recent de-
velopments, the classical theory of regulation literature is still widespread and widely used in
real-world applications. The classical Ramsey pricing strategy, which will be described in detail
in section 4.2.1, has been a key component of regulatory recommendations in Schutze 2015 (a
reference that highlights the case study of Brazil and that was used to benchmark some param-
eters in section 4.6.1). Thorough reviews of the theory of regulation literature are presented, for
example, in Armstrong and Sappington 2007 and Armstrong 2001.

Despite the rich existing literature on optimal regulatory price-setting, to the best of
the author’s knowledge, a detailed characterization and exploration of the particular problem of
the theory of regulation tackled in the present paper has not yet been explored in detail. This
problem of interest, which will be formally introduced in section 4.2.2, involves the optimization
of the choice of electricity tariffs in an environment in which consumer preferences can be
described as a discrete-continuous choice. Discrete-continuous choice models are very relevant,
for example in the context of choice of a telecommunications service provider, and have been
studied by several authors. Even though there are several parallels with the discrete-continuous
model explored in this paper and other references in the literature, the present paper provides
an original contribution, and also brings to the discussion certain real-world elements of the
dynamics of setting tariffs (see section 4.3.2).

It’s also worth highlighting that, particularly over more recent years as distributed gen-
eration has risen in importance of as a viable alternative in electricity sectors worldwide, there
has been a fast-growing body of literature studying this particular economic problem from a
number of angles. In Groote and Verboven 2019, for example, a formulation of consumer prefer-
ences that describes their choice to adopt a rooftop solar solution or not is proposed, focusing on
the role of the discount rate parameter and in an econometric application. In R. Meade 2019, the
authors explore various possible formulations and utility functions that could drive consumers’
choice in this environment.
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4.2 Modeling of the policymaker’s objective function

4.2.1 Classic Ramsey pricing policy

A classical result of regulation theory involves simply determining the optimal price at
which a given good should be sold when consumers can choose the quantity consumed Q(p)
as a function of price. In this type of problem, contrary to the one that will be the main
focus of this paper further on, consumers do not make a binary choice between two possible
“supply routes”, but rather they can only choose their optimal demanded quantity based on
their budget-constrained utility maximization problem with indirect utility V (p). In the context
of the electricity sector, this situation can be interpreted as setting the optimal tariff for grid-
supplied electricity in a context where consumers simply do not have the option of self-supply via
distributed energy resources. This type of representation has indeed been a good approximation
of optimal electricity tariff-setting over the past several decades, seeing that the DER option has
historically only emerged as an alternative relatively recently, with the development of a market
for such installations as the cost of DER solutions has reached a more competitive price level.

Under such conditions, the regulator chooses a price p in order to maximize the social
welfare function, depicted below:

W (p) = V (p) + (1 + λ) · (p · Q(p) − C (Q(p))) (28)

In this equation, C(Q) is the cost of supply function, which is assumed to be continu-
ously differentiable. The function V (p) is the indirect utility function, while Q(p) is the demand
function, both resulting from the consumer’s optimization problem. Consumer preferences are
assumed to be quasilinear in wealth, which allows for writing the functions V and Q as being in-
dependent on the wealth parameter (as it is standard practice in the field). Note that quasilinear
preferences also imply that (from Roy’s identity) ∂V

∂p = −Q, which implies that characterizing V
also completely characterizes Q (and which will be useful for writing the first-order conditions of
the regulator’s optimization problem as well). For the purpose of finding the regulator’s optimal
price-setting strategy, we assume that Q is continuously differentiable, implying that V is twice
continuously differentiable.

In the theory of regulation literature, the parameter λ is referred to as the “shadow cost
of public funds” (see, for example, Laffont and Tirole 1993). Intuitively, in case the regulated
firm that provides the electricity service (the utility company) does not recover their costs of
supply (that is, if p ·Q is smaller than C(Q)), some kind of financial transfer will be necessary to
ensure that the firm remains in operation – usually coming from the government’s funds. This
creates a pressure for the government to raise taxes, which typically have a distortionary effect
on the economy and thus imply in some deadweight cost, even if the government’s raised funds
are ultimately directed at improving consumers’ utility. For this reason, financial losses of the
utility company are weighted in the welfare function using a greater-than-one multiplier 1 + λ.
Note that, conversely, profits of the regulated utility company are also assumed to be transferred
to treasury funds (creating an opportunity for distortionary taxes to be reduced), and thus the
same multiplier is applied regardless of whether profits are positive or negative.

The shadow cost of public funds enables two limiting case interpretations. If λ = 0,
the welfare function W (p) becomes equivalent to maximizing total social surplus, weighing con-
sumers’ surplus and the utility company’s profits equally – and thus, when public fund transfers
are costless, one can expect the optimal pricing solution to be the same as the competitive
market result. Conversely, in the limit as λ → ∞, the utility company’s profits become the
overwhelming driver of welfare, with consumer preferences playing a negligible role. Thus, in
this limiting case, the price that maximizes W (p) solution can be expected to be the same as in
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a monopolistic market.

Another consideration with regards to the interpretation of the parameter λ is that,
rather than representing the distortionary cost of directing public funds towards a particular
economic sector, it can also be understood as a shadow price associated with a particular con-
straint of the optimization problem – for example, a budget constraint that requires the utility
company to recover its fixed costs (without additional transfers of public funds). Under this
interpretation, the deadweight cost associated with the parameter λ is explicitly associated with
distortions imposed on the electricity market itself as a consequence of the budget constraint, as
opposed to a more pulverized deadweight cost that would be imposed on the economy as a whole
in order to recover public funds. In addition, under this interpretation λ is not a fundamental
constant, but rather a consequence of consumers’ preferences and of the budget constraints.

Under both interpretations for λ, in the general case where λ assumes finite and positive
values the first order condition for the maximization of W (p) yields the well-known Ramsey
pricing expression depicted below. This expression relates the elasticity of demand γ to the price
relative to the marginal cost of supply C ′(Q). Note that this solution satisfies the two limiting
cases described, and that it highlights the fact that optimal pricing will be higher relative to
marginal cost if the shadow cost of public funds is high and/or if consumers’ elasticity of demand
is small.

p − C ′(Q)
p

=
1
γ

· λ

1 + λ
(29)

γ = − p

Q

∂Q

∂p
(30)

Finally, it’s worth highlighting that the Ramsey pricing policy applies in case all con-
sumers must be charged a linear price (proportional to consumed quantity). In some electricity
markets, a two-part tariff is applied to larger-scale consumers, in which case they pay a fixed
“access price” in addition to a variable price component. This type of arrangement tends to
yield a higher total social welfare, as it is not necessary to distort the marginal cost signals in
order to increase the utility company’s cost recovery; but it is often difficult to implement for
small-scale consumers (such as residential consumers). Therefore, in this paper we consider only
the case where consumers are supplied following a one-part tariff in our case studies.

4.2.2 Proposed model representation

In this paper we solve and characterize the solution to a modified version of the problem
described in section 4.2.1, in which heterogeneous consumers are allowed to make a discrete-
continuous choice regarding (i) an electricity supply route, that is whether consumers prefer to
be supplied directly by the utility company (route zero) or self-supplied by their own distributed
generation systems (route one), and (ii) how much electricity they wish to consume given the
route that they have chosen.

Individual consumer choices are determined by the utility functions u0(q0,δ) and u1(q1,δ),
where δ represents the consumers’ type – it is assumed that the distribution of types dF (δ) over
the entire population is known. Maximization of qr for a given price level yields the indirect utility
functions vr(pr,δ) and demand function qr(pr,δ) as depicted below. Note that this representation
implicitly suggests the existence of a numeraire good for which consumers have quasilinear utility.

vr(pr,δ) = max
qr

ur(qr,δ) − pr · qr (31)
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qr(pr,δ) = argmax
qr

ur(qr,δ) − pr · qr (32)

It is desirable to write the “aggregate utility of adopters” V1 and the “aggregate utility
of non-adopters” V0 by integrating individual utilities vr over the consumers that chose each of
the two routes. It is similarly useful to define aggregate demanded quantities Q0 and Q1 in a
similar way. Formally, for a given route r, we denote by −r the “unchosen route” (zero if r = 1
and one if r = 0) and we define the preference sets Ar as depicted in equation 33, which allows
one to write Qr and Vr as a function of Ar.

Ar (p0,p1) = {δ : vr(pr,δ) > v−r(p−r,δ)} (33)

Qr (p0,p1) =
∫

δ∈Ar(p0,p1)
qr(pr, δ) · dF (δ) (34)

Vr (p0,p1) =
∫

δ∈Ar(p0,p1)
vr(pr, δ) · dF (δ) (35)

Rigorously, it would also be necessary to handle the set of consumers ∂A (disjoint from
the sets A0 and A1) that are indifferent between the two routes, vr = v−r. However, as we will
explore in section 4.4, we will assume this set to have zero measure throughout this paper.

Total social welfare can thus be represented as shown in equation (36), where (i) the
components Vr represent the total indirect utility function from consumers choosing each route
r ∈ {0,1}, (ii) the quantities Qr represent the corresponding demanded quantities, and the cost
function has been extended to include both Q0 and Q1 as inputs. This equation shows clear
parallels with the one classically used in Ramsey pricing problems, even though consumers’
discrete-continuous choice (and the ability to switch from one supply route to the other in
response to the prices set by the regulator) introduces an additional layer of complexity.

W (p0, p1) = V0 + V1 + (1 + λ) · (p0 · Q0 + p1 · Q1 − C (Q0, Q1)) (36)

Note that, as consumers are heterogeneous, Qr and Vr implicitly involve integrating over
the set of consumers Ar that prefer route r. The sets Ar depend on consumers’ optimal discrete
choice and thus are a function of both p0 and p1, which in turn implies that all Qr and Vr are
a function of both p0 and p1 – even though this dependency has been omitted in equation (36)
to allow for a more compact representation.

Note that the regulator’s welfare function W is represented in equation (36) as being
a function of both p0 and p1, and it is possible to envision real-world situations in which the
regulator either simultaneously optimizes the prices for both routes or takes one route’s price as
a given and optimizes the price for the second route. Thus, prior to presenting a characterization
of the optimal solution for this welfare function (see section 4.4), section 4.3 explores common
practices in the electricity sector that will inform more realistic representations and discussions
of the optimization problem effectively solved by the regulator.

4.2.3 Underlying assumptions on consumers’ choice

One assumption inherent to our model is that we choose to represent consumers’ elec-
tricity demand as a single-dimensional quantity Qr. In principle, if there are price signals that
could drive consumers to change their demand profile across hours of the day, for example, it
would become desirable to explicitly incorporate this into the model – though it’s worth noting
that the core features of the welfare function representation should remain unchanged.
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Another assumption inherent in our representation is that, whenever a consumer does
opt to be self-supplied by a DG system, they always choose to have the entirety of their demand
supplied by the system. This yields a fully binary choice for being supplied by each of the
available routes, even though in principle it would be possible to construct some kind of portfolio.
Indeed, considering that the utility company can always provide balancing services to owners
of distributed generation systems, one could envision the existence of consumers that choose
to own oversized systems (relative to their own demand level), systematically exporting surplus
electricity to the grid; as well as consumers that choose to own undersized systems, systematically
purchasing some grid-supplied electricity to compensate for this difference.

One way to justify why such oversized and undersized systems are not implemented
would be to simply assume that they are forbidden by regulations. However, a more reasonable
approach (and more consistent with regulations actually observed in practice in most countries)
is to instead argue that oversizing or undersizing the system size are dominated strategies for
consumers – which implies that the representation of the choice of supply route as a binary
one emerges naturally from consumers’ optimization problem. In particular, many net metering
regulations allow consumers to offset their costs of purchasing electricity supplied by the utility
company but not receive a profit by systematically exporting surplus electricity to the grid –
which implies that oversizing is never justified (as owners of distributed generation systems will
not be remunerated for producing more than they consume on average).

In order to rule out undersizing as a possible strategy, it is necessary to argue that it is
never advantageous for the consumer to build a “portfolio” of the two possible supply routes, for
example drawing utility u01(q0,q1). A sufficient condition to ensure this property is, for example,
to assume that u01 is nonconvex, such that ∂2u01

∂q0∂q1
≤ 0 – which would drive the consumer to

always choose either q0 = 0 or q1 = 0. One way to intuitively explain these preferences is to
assume that the intangible values that lead a consumer to prefer the self-supply route, such as
“greenness” or “independence”, tend to place a higher-than-proportional value into being “100%
green” or “100% independent”. The end result is that the self-supply unit is either not built at
all (route 0), or it is sized precisely to meet the consumer’s demand level, exactly balancing
the flows drawn from the utility company’s balancing services and the excess flows delivered in
return.

In practical real-world applications, there are some additional complications, such as
rooftop area availability or borrowing constraints possibly leading to a forced nonbinary supply
choice. On the other hand, economies of scale tend to be a strong incentive for consumers to
choose to cover their full demand when they choose to build a self-supply system. Larger-scale
systems tend to be cheaper, which drives consumers to choose the maximum viable size.

4.3 Model features in realistic electricity sector applications

4.3.1 Characterization of the cost function

Note that the models introduced in sections 4.2.1 and 4.2.2 suggest the existence of
only one firm (with cost function C) that will supply the entire market at a price p. Even
though modern electricity sectors can have a more complex structure, it is not uncommon for
residential consumers and other small-scale consumers to be serviced by a regulated utility
company. We are particularly interested in the case in which the utility company essentially
operates as nothing more than a regulated retail company, responsible for purchasing services
such as electricity generation, transmission and distribution and selling this “bundle” to end
consumers at a regulated retail price p0. The regulator typically has a strong influence over
how this end user price is determined, typically based on a set of complex formulas taking into
account the cost of providing the electricity service – and for the purpose of this exercise, we
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will consider that the regulator is indeed the sole responsible for setting the retail price.

This type of structure in which the utility company operates as a retailer is common in
markets that have undergone a market liberalization process – see, for example, Hunt 2002 and
Schweppe et al. 2013. The so-called process of “unbundling” of electricity sector activities aimed
to create an environment in which generation companies could have open, non-discriminatory
access to the transmission and distribution grid, thus introducing competition in the electricity
generation sector. In contrast, activities such as transmission and distribution constitute a text-
book example of a natural monopoly, as the large fixed costs and significant economies of scale
do not justify introducing a competitive market. The logic of open-access allows these networks
to service a number of different generators and consumers with no need to duplicate physical
assets, as long as there are no conflicts of interest between the companies that provide gener-
ation, transmission and distribution services (guaranteed by the unbundling). The presence of
substantial fixed costs coupled with relatively mild variable costs is common in economic sectors
where the theory of regulation is applied.

Under such a retail market structure, when a new regulation is introduced allowing small-
scale end consumers to be self-supplied by distributed generation systems, note that the utility
company still has contracts with the providers of transmission and distribution services that
need to be honored – although the competitive generation market does imply that the retailer’s
purchases of generation services can be reduced to account for the new self-produced quantities.
Note that, much like the competitive electricity generation market, we assume that companies
selling the distributed generation systems (including the cost of installing and maintaining them)
constitute a competitive market.

Following this paradigm, the simplest possible representation of the utility company’s
cost function would be as represented in equation (37), in which the cost of transmission and
distribution is incorporated into the fixed cost component cF , the variable cost of purchasing
electricity from conventional generators is represented as c0, and the cost of the distributed
generation systems (including installation and maintenance) is represented as c1.

There is thus a clear parallel between the variable generation cost for consumers that
are supplied directly by the utility company and the levelized cost of the distributed generation
system paid by consumers that choose the second route.

C(Q0, Q1) = cF + c0 · Q0 + c1 · Q1 (37)

Even though several economic analyses can be carried out focusing exclusively on the
difference in consumer preferences and the difference in marginal cost between the two supply
routes (c0 and c1 as introduced in equation (37)), most policy discussions regarding the adoption
of distributed generation involve more detailed assessments of additional effects (synergies and
anti-synergies) that contribute to the total cost of supply itself being affected by the number of
consumers that adopt the self-supply route in a given distribution network. In order to make
such assessments, some initiatives rely on sophisticated assessments of the physical electricity
grid and specialized software that can search the space of all possible grid reinforcements and
all possible candidate generation technologies in order to find the minimum-cost solution. The
shape of the cost function calculated using this approach will thus ultimately be dependent on
the precise local network topology, the spatial distribution of DG connections, the hourly profile
of demand and distributed generation, and grid stability constraints.

Perhaps the most noticeable higher-order effects of Q1 on the cost of supply function
come from the fact that most distribution generation systems use solar technology, and that
there is a substantial discrepancy between the typical daily profile of the solar power output
and of electricity demand. As illustrated in Figure 27, which shows example data from Brazil,
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aggregate demand tends to have a relatively narrow band of variation across hours (remaining
between 85% to 115% of the average demand), while solar delivers over 250% of its average
output at the midday hours and zero during the nighttime. Both curves were constructed such
that the output averages out to one: note that there are also other sources of variation, such
as seasonal fluctuations and weekday/weekend distinctions, though they tend not to be as large
in magnitude as the daily profile. This implies that, whenever a consumer chooses to adopt a
solar system capable of meeting its entire average demand, the utility company will be forced to
accept a surplus of solar output in the midday hours, while still being required to provide for the
entirety of the consumers’ demand during the nighttime. This is in line with the “balancing” role
of the utility company, as described in section 4.3.2, but it has direct consequences for the cost
of electricity supply – even though, as long as the share of adopters in the general population is
small (as it has usually been the case in most countries up to this point), the impact on costs
should be relatively mild.

Figure 27: Example hourly profile of a DG solar system compared to the hourly demand profile.
Source: own elaboration based on ONS data

Generally speaking, as the share of consumers that adopt rooftop solar facilities increases,
the net demand profile that needs to be supplied by conventional generators (contracted by the
utility company) becomes more “peaked”, with a much lower average production but almost
the same total output required at peak hours. This type of generation profile will indeed be
more costly, as it becomes necessary to maintain a higher share of reserve generators that are
only used a small fraction of the time. The competitive generation market would be responsible
for accommodating the evolving needs of the utility company and adjusting its portfolio of
generation technologies accordingly, and thus it remains possible to represent the generation
cost component as a variable cost as introduced in section 4.3.1. However, it becomes important
to represent the marginal cost as an increasing function in Q1 (for example, by introducing a
quadratic term in the cost function) in order to account for this interplay.

4.3.2 Fundamental pricing strategies

Consumers that opt for the conventional supply route (route 0) purchase the entire
“bundle” of services offered by the utility company (generation, transmission, and distribution),
and in a context where only this type of consumer exists the problem of setting the tariff for
selling electricity to those consumers is the conventional problem described in section 4.2.1.
Seeing that the consumers that prefer the self-supply route (route 1) do not need to purchase
generation services from the utility company, it is perhaps unclear at first glance how exactly
the regulator could choose p1 (as represented in section 4.2.2) rather than having this price set
exogenously by a competitor.
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However, as highlighted in section 4.3.1, it merits noting that most consumers that choose
to install distributed generation systems do not in fact become entirely independent from the
electricity grid. It is in fact much cheaper and much more convenient to remain connected in
order to export surpluses to the grid at times when self-production is higher than consumption
and to draw extra power from the grid when the opposite occurs. Without a connection to the
grid, households would either need to adapt their consumption habits (in the case of a rooftop
solar system, for example, concentrate electricity consumption only in the daytime hours and
be ready for unavailability during cloudy days), adopt some type of storage system (such as
a battery) or a backup generation system that can be used at any time (such as a diesel-fired
motor).

Therefore, even though consumers that opt for the self-supply route (route 1) clearly
have no need to purchase the entire “bundle” offered by the utility company, it is clear that
the utility company is still providing valuable services even to these consumers. Therefore, in
practice the price of the self-supply route p1 has two components: (i) a component p11 describing
the price of the purchase, installation and maintenance of the distributed generation system
itself, and (ii) a component p01 describing a (potential) extra tariff or fee charged by the utility
company for the aforementioned balancing services. Note that, if companies that sell, install
and maintain distributed generation systems form a competitive market, p11 will be equal to c1.
This implies that, after using the optimization problem shown in section 4.2.2 to determine the
optimal p1, the utility company would in practice implement a charge p01 equal to p1 minus c1
in order to yield the desired results.

It’s worth noting that p01 can even be negative (representing a subsidy to the self-supply
route) in case the optimal p1 is lower than p11. However, in case a very high p01 is applied, then it
may become desirable for the consumers to go completely off-grid, refusing the balancing services
that the utility company would typically provide. This implies that there is a limitation to the
regulator’s ability to maximize welfare by choosing a higher p1, and thus in this particular case
the regulator’s optimization problem can take a very different dynamic, in which the price of the
self-supply route is a given (p1 equal to p11, as the regulator cannot reasonably expect consumers
to accept a surcharge p01 for their balancing services) and the regulator can only choose p0 in
order to maximize welfare.

Up to this point, policymakers have generally seen consumers’ individual initiatives
to adopt rooftop solar systems as a positive trend, given concerns with climate change in the
international community and pressure for countries to adopt renewable energy policies of various
kinds. As a consequence, regulators have been more willing to offer more generous deals to
consumers that adopt the self-supply route, for example by charging no extra fee at all (p01 = 0).
Regulations that allow consumers to purchase from the utility company only the difference
between what they consume and what they export to the grid (so-called “net metering” policies)
have emerged in a number of countries, though the particular implementation details vary. As
the level of adoption of distributed generation solution rises, however, it becomes increasingly
important to account for the consequences of these pricing policies in more detail.

4.3.3 Tariff-setting regulations in practice

The fundamentals of the utility company’s price-setting strategies in a context of coex-
isting supply routes (self-supply and conventional supply) have been discussed in section 4.3.2.
However, electricity sectors have historically been organized around the assumption that the
entirety of the demand would be supplied by the distribution grid (the situation described in
section 4.2.1), and there is ample literature on the regulations that have developed to deter-
mine the electricity tariff level p0 under these historical conditions. The existence of pre-existing
regulations for setting the electricity tariff may limit to a certain extent the regulator’s ability
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to redefine the tariff level p0 in the face of the emergence of distributed generation as a viable
alternative – though for the purpose of this paper we do not consider this to be a meaningful
obstacle.

Most commonly, such regulations establish a tariff level that ensures that the utility
company is able to recover the entirety of both fixed and variable costs associated with providing
the electricity service. At first glance, the existence of rigid rules explicitly determining how
electricity tariffs ought to be calculated may seem to imply that it would not be possible for the
regulator to freely choose the price of grid-supplied electricity p0. Indeed, in certain countries
there might be substantial legal obstacles to changing the parameters that govern price-setting.
However, if there is at least one “knob” that can be adjusted by the regulator, they would
effectively be able to choose p0. In particular, the tax rate applied to electricity purchases is an
important policy instrument that directly governs the end user tariffs.

Indeed, the electricity sector is notable for commonly being subject to higher marginal
tax rates than most economic sectors in a number of different countries. This suggests that
utility companies actually tend to yield “surplus profits”, enough to recover additional revenue
for government programs (even if the electricity sector is typically framed as receiving zero profits
and only recovering the costs of supply from the electricity company). This practice actually
makes sense from a welfare maximization standpoint if one considers that electricity consumption
tends to have a lower elasticity of demand than most other consumer goods, as econometric
studies for this economic sector in particular indeed tend to corroborate. As suggested by the
expression for Ramsey pricing shown in section 4.2.1, it indeed makes sense for the government
to recover a larger portion of its revenue from low-elasticity sectors (provided that the marginal
cost of public funds λ is nonzero), as collecting revenue from the electricity sector reduces the
need to introduce distortions in other economic sectors through taxation.

Figure 28: A comparison of 2017 residential electricity tariffs and tax rates across multiple
countries, in USD/MWh. Source: Brazilian distribution companies’ association ABRADEE

Seeing that tax codes have been developed in a period where the DG route was essen-
tially non-existent, it seems reasonable to expect that current pricing policies for setting p0 (in
particular the tax rate τ) have been developed to be welfare-maximizing in the condition where
Q1 = 0. A corollary of this assumption is that the same p0 is likely to no longer be welfare-
maximizing once DG emerges as an alternative supply route. In such a new situation, policy
actions such as revising the tax rate itself may be desirable to improve social outcomes.

4.4 Characterizing the optimal pricing solution

4.4.1 Threshold consumer type

As introduced in section 4.2.2, the population of consumers is differentiated according
to a type δ, and the sets A0 and A1 represent respectively the consumers that prefer each of
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the two available routes, and play a key role in calculating the aggregate indirect utilities and
demanded quantities for the welfare equation. It will be useful to make certain assumptions in
order to ensure that the sets Ar are well behaved. In particular, we will assume that the nature
of the consumer type is such that δ can be represented as a one-dimensional number, and that
the preference functions ur (or, equivalently, of vr). We will further require a (co)monotonicity
property, and also continuity and differentiability of the utility function with respect to consumer
types, as described in theorem 1.

Theorem 1 Assume that, for δ ∈ R, the indirect utility functions vr are differentiable in the
consumer type r and obey the (co)monotonicity property below.

∀p0, p1, δ,
∂

∂δ
v1(p1,δ) − ∂

∂δ
v0(p0,δ) > 0 (38)

Therefore, exactly one of the following cases must be verified:

• Route 1 is strictly preferred: v1(p1,δ) > v0(p0,δ)∀δ ∈ R, and thus A1 = R, A0 = ∅
• Route 0 is strictly preferred: v1(p1,δ) < v0(p0,δ)∀δ ∈ R, and thus A0 = R, A1 = ∅
• Single-crossing: There exists a unique δ̂ ∈ R such that v1(p1,δ̂) = v0(p0,δ̂), with A0(p0,p1) =(

−∞, δ̂
)
and A1(p0,p1) =

(
δ̂, ∞

)

Furthermore, in the single-crossing case, the threshold δ̂’s dependency with regards to the
price of the two routes is continuous and differentiable, and it follows equation 39:

∂δ̂

∂pr
=

qr(pr,δ̂)
∂vr(pr,δ̂)

∂δ − ∂v−r(p−r,δ̂)
∂δ

(39)

The proof for theorem 1 is presented in Annex 1. Note that, even though the monotonicity
condition must be verified for any possible choice of p0,p1,δ, a particular case that can satisfy
the condition from theorem 1 is to assume that the indirect utility in one of the two routes
(for example, route 0) is independent of the consumer type, with the other route having an
indirect utility that is monotone in δ. There is also a simple relationship between the condition
presented on the indirect utility functions vr and an analogous representation based on the the
direct utility functions ur follow them (also demonstrated in Annex 1).

Note that, if we had assumed monotonicity but not continuity of vr with respect to δ, it
would not necessarily be possible to establish the uniqueness of δ̂. Even in the continuous and
differentiable case represented by the assumptions of theorem 1, depending on the support of
the distribution of types dF (δ) it could be possible to use a different threshold to describe sets
Ã0(p0,p1) and Ã1(p0,p1) that would have the same measure as the “true” sets A0(p0,p1) and
A1(p0,p1). However, there is only one possible choice of δ̂ that remains consistent even if dF (δ)
has full support, and differentiability of vr also ensures that this threshold varies smoothly with
the price.

4.4.2 Representation of first order relationships

In order to establish conditions for optimality of the tariff-setting strategy, the present
section provides a representation for the first-order conditions of the welfare equation established
in section 4.2.2. Note that in practice, the equations involved are highly nonlinear, and the
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compact representation of the first-order conditions depicted in equation 40 does not necessarily
simplify the task of calculating the equilibrium in the most general case – seeing that there are
several circular dependencies between the choice of prices pr, the threshold consumer type δ̂,
the aggregate demanded quantities Qr, and other auxiliary parameters. Nonetheless, we find it
useful to write the expression for the first-order conditions as depicted in proposition 1, seeing
that this representation highlights the relationship between the optimal pricing strategy in the
discrete-continuous case and the classic Ramsey pricing case (as introduced in section 4.2.1). It’s
also worth noting that the expression (40) accommodates a significant degree of generality, very
few assumptions (other than the monotonicity and continuity of consumer types as introduced
in theorem 1) have been made regarding the shape of the C, F , or vr functions.

Proposition 1 The optimal pricing solution that maximizes total welfare W (p0,p1) as intro-
duced in equation 36 is as depicted in compact form in equation 40 for each of the two available
routes r ∈ {0,1}. The quantities γr, φr and Rr are as defined below in the present section, and
in the general case they will depend on both p0 and p1, in addition to being dependent of the
probability distribution of types dF (δ). The derivatives of the cost function and of the indirect
utility function can similarly depend on both p0 and p1 in the general case.

pr − ∂C
∂Qr

pr
=

1
γ̂r

·
[

λ

1 + λ
+

φr

∂v1
∂δ (p1,δ̂) − ∂v0

∂δ (p0,δ̂)
· Rr

]
(40)

Equation (41) below shows a general expression for the derivatives of the aggregate
quantities Qr and Vr, following Leibniz’s integral rule. The variable x in equation (41) refers
to either the demand function q or the indirect utility function v accordingly, and the route
indices r and r̂ can be equal to zero or one independently. It’s worth noting that, if r 
= r̂, the
derivative ∂xr

∂pr̂
is equal to zero, leaving only the second term in the expression. Furthermore,

the derivative ∂Ar
∂pr̂

is equal to ∂δ̂
∂pr

in absolute value, and its sign depends on whether δ̂ appears
as the top extreme of the interval (same sign, as the interval expands as δ̂ increases) or as the
bottom extreme (opposite sign, as the interval contracts as δ̂ increases). Because δ̂ is the top
extreme of the interval for integration on A0 and the bottom extreme for integration on A1, it
is possible to substitute the expression from equation (39) into the relevant portion of equation
(41), taking care to flip the sign of the expression if r = 1.

∂

∂pr̂

∫
δ∈Ar(p0,p1)

xr(pr, δ)dF (δ) =
∫

δ∈Ar(p0,p1)

∂xr(pr, δ)
∂pr̂

dF (δ) +
∂Ar(p0,p1)

∂pr̂
· xr(pr, δ̂) · ∂F

∂δ
(δ̂)

(41)

It’s also worth highlighting that, because by definition v0(p0, δ̂) = v1(p1, δ̂), the marginal
effect of changing the threshold on consumers’ aggregate indirect utility is zero; which helps
further simplify the representation. In order to describe the first order condition for the welfare
equation more compactly, we introduce three additional auxiliary variables, all of which can be
functions of p0 and p1. Firstly, we introduce the weighted average elasticity γ̂, which as shown in
equation (42) involves weighing the elasticity only among consumers that opt for route r. The
interpretation of this parameter is immediate, seeing that if the demand function is isoelastic
with elasticity γ it is easy to verify that the property γ̂ = γ is always verified. For non-isoleastic
functions with heterogeneous consumers, it’s worth noting that the solution to the classic Ramsey
problem shown in section 4.2.1 also involves a similar weighted average elasticity, though in this
case representing Ar = R.
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γ̂r =
pr

Qr

∫
δ∈Ar(p0,p1)

(
−∂qr(pr, δ)

∂pr

)
dF (δ) (42)

A second relevant quantity that we denote by φ is defined by the expression shown in
equation (43) and can be likened to a “modified hazard rate”. The usual definition of the hazard
rate, as depicted in equation (44), involves the ratio between the probability density function f
(which is equal to the derivative of the cumulative density function with respect to consumer
types) and the cumulative density function F . Note that the same expression representing f
appears in the numerator of equation (43)).

It’s also worth noting that an “inverse” hazard rate can similarly be defined using 1− F
instead of F in the denominator of the classic hazard rate. This alternative metric is intuitively
obtained by inverting the x axis (integrating from x to infinity rather than from minus infinity
to x). Indeed, because of the way the sets A are defined, we will find that φ0 is related closely
to the “direct” hazard rate (F in the denominator) and φ1 is related closely to the “inverse”
hazard rate (1 − F in the denominator).

φr =
qr(pr, δ̂)

Qr
· ∂F

∂δ
(δ̂) (43)

φ̂(x) =
1

F (x)
· ∂F (x)

∂x
=

f(x)
F (x)

(44)

The relationship between the modified hazard rate φ and the classic definition of the
hazard rate φ̂ is driven, therefore, by the relationship between the ratio Qr

qr
and the cumulative

density function F . In fact, we have Q0
q0

= F (and Q1
q1

= 1 − F ) in the particular case in
which the demanded quantity qr is independent of the consumer type δ – and in this case, φ is
represented by the classic hazard rate. This direct correspondence occurs if the type δ affects vr

as an additive term in the utility function (thus having no effect on the optimal qr). In case the
dependency between vr and δ is more complex, the relationship between φ and φ̂ is less direct,
but the modified hazard rate is well-defined regardless. Much like the classical hazard rate, the
modified hazard rate is always positive; and a broad range of probability distributions satisfy
a monotonic hazard rate property – intuitively, having a monotone hazard rate (in either the
positive or the negative direction) implies that a distribution is not heavy-tailed. The modified
hazard rate can similarly be monotone, depending both on the properties of the distribution F
and of the consumer preferences vr.

A third variable introduced and perhaps the one with the least straightforward inter-
pretation is the one we call Rr, and that synthesizes the net impact on public funds (i.e. on
the revenues recovered by the utility company) at the boundary type δ̂ associated with con-
sumers changing their preferred supply route. Note that even though we define Rr for each of
the two routes individually in order to simplify the notation of the subsequent expressions, it is
immediately evident that R0 = −R1.

Rr(p0,p1) =
(

p(−r) − ∂C

∂Q(−r)

)
q(−r)(p(−r),δ̂) −

(
pr − ∂C

∂Qr

)
qr(pr,δ̂) (45)

Using these auxiliary variables, a representation of the first-order conditions for solving
the problem introduced in section 4.2.2 is depicted in the expression 40 in proposition 1. Even
though this representation does not easily allow for solving for p0 and p1 without some kind
of iterative process, the consolidated equation does show a parallel with the classical result
introduced in section 4.2.1. These relationships will be explored in more detail in section 4.4.3.
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4.4.3 Relationship with Ramsey pricing

One property that the modified hazard rates φr as defined in equation 43 have is that
lim

δ̂→−∞
φ1(δ̂) = 0 and lim

δ̂→∞
φ0(δ̂) = 0. This is a direct consequence of the fact that the tails of

any probability distribution dF must fall to zero at infinity, while the cumulative probability
distribution in the denominator approaches one. This property suggests the expected behavior
of the equilibrium prices in the limiting case where one of the two routes approaches zero market
share.

Perhaps intuitively as one would expect, in a situation where δ̂ → −∞, for example,
route 1 is expected to dominate the market (with route 0 playing virtually no role). This in turn
implies that p1 will asymptotically approach the classic Ramsey price expression introduced in
section 4.2.1, as φ1 → 0. Such a situation can be likened to the case where no alternative route
exists, which of course should yield the Ramsey solution (as highlighted in section 4.2.1). This
result is summarized in proposition 2.

Proposition 2 In the limit as δ̂ approaches ∞, the optimal pricing strategy for route 0 ap-
proaches the Ramsey pricing rule (and the market share of route 1 becomes negligible)

In the limit as δ̂ approaches −∞, the optimal pricing strategy for route 1 approaches the
Ramsey pricing rule (and the market share of route 0 becomes negligible)

In order to further explore the relationship between our model and the Ramsey pricing
results, let us assume that there is a price (p̂0,p̂1) that satisfies the Ramsey pricing condition
– that is, equation (46) is verified for both routes. Note that equation (46) differs from the
expression (40) due to the omission of the terms in Rr.

pr − ∂C
∂Qr

pr
=

1
γ̂r

· λ

1 + λ
(46)

Note that this Ramsey pricing solution will not be optimal in general – unless by sheer
coincidence the prices (p̂0,p̂1) also yield Rr = 0. Observing that Rr = −R(−r), φr > 0 and
∂v1
∂δ (p1,δ̂) − ∂v0

∂δ (p0,δ̂) > 0, note that the terms in Rr in the equations corresponding to (40) for
each of the two routes have opposite signs. As a consequence, one would expect exactly one
of the two routes to have an equilibrium price that optimally solves the welfare maximization
problem greater than p̂r, while the other route will have an equilibrium price that is smaller
than p̂(−r). However, it is difficult to prove the existence of such a solution by “perturbing” the
Ramsey prices (p̂0,p̂1) in the general case, as the relationship of the functions C,γr,φr with the
price variable can be complex (and there may even be multiple solutions to the Ramsey pricing
problem).

A more limited local result can be obtained, however, by substituting the equality de-
picted in equation (46) into the expression for ∂W

∂pr
depicted in section 7.2. Carrying out some

simple manipulations yields the expression shown in equation (47). Note that all multiplicative
terms outside the square brackets are positive, and that the terms within the square brackets
are exactly the same for route 0 and route 1 except they have opposite signs. As a consequence,
if ∂W

∂p0
> 0, one must necessarily have ∂W

∂p1
< 0 and vice versa. This result shows that, except in

very particular cases, the optimal solution for regulator’s price-setting problem under the binary
choice case will not be the same as in the classical Ramsey pricing approach.

1
λ

∂W

∂pr
=

[
p(−r)q(−r)(p(−r),δ̂)

γ̂(−r)
− prqr(pr,δ̂)

γ̂r

]
∂F (δ̂)

∂δ
· qr(pr, δ̂)

∂v1(p1,δ̂)
∂δ − ∂v0(p0,δ̂)

∂δ

(47)
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Proposition 3 Let (p̂0,p̂1) be a “Ramsey pricing” solution that satisfies equation (46).
Then, if ∂W

∂pr
> 0 (i.e. it is possible to increase welfare by marginally increasing the price

of one of the two routes) then ∂W
∂p(−r)

< 0.

Conversely, if ∂W
∂pr

< 0, then ∂W
∂p(−r)

> 0.

4.4.4 Introducing constraints on the regulator’s tariff-setting

Even though up to this point we have been focusing on the case where the centralized
entity is able to fix both prices p0 and p1 simultaneously, this environment where consumers
face a discrete-continuous choice and the regulator seeks to maximize total welfare can also
be applied to similar problems in which the regulator is somehow constrained regarding what
tariff-setting strategies they can apply. In this section we discuss some typical constraints that
could be representative of real-world situations.

Perhaps the most straightforward constraint would be to consider that p1 = p̄1, where
p̄1 is some exogenous quantity – implying that the central entity cannot influence the price of
the alternative supply route at all. This condition could reflect a situation where the rooftop
solar route becomes entirely self-sufficient (for example by installing a battery pack in addition
to the rooftop solar system), such that the utility company cannot justify charging an additional
“access charge” in the terms discussed in section 4.3.2. Under these conditions, consumers would
perceive as the price for supply route 1 simply the cost of the system p11, which the regulator
cannot influence. Under such conditions, it is possible to simply ignore the version of equation
(40) that applies to r = 1 and consider only the first order condition for r = 0 which corresponds
to finding the value of p0 that, maintaining p1 = p11 = p̄1 fixed, yields the optimal level of welfare.

4.5 The isoelastic utility case

4.5.1 Characterizing the isoelastic utility representation

In the so-called isoelastic case, we will choose to represent the indirect utility functions
according to the representations depicted in equations (48) and (49). Note that this corresponds
to the classic representation of an utility function that will yield a constant elasticity of electricity
demand equal to γ for both consumer routes: it is clear in particular that q0(p0) = eαp−γ

0 . For
simplicity, we choose to write v0 as independent of the consumer type δ, and we describe the
dependency of v1 with respect to δ according to a parameter m1 ∈ [0,1], with two particular
special cases of notice: the “multiplicative case” corresponding to m1 = 1 and the “additive case”
corresponding to m1 = 0. In order to satisfy the requirements of theorem 1 (that is, consumers
with a higher type have a higher propensity to adopt), in addition to requiring that m1 ∈ [0,1],
the sign of δ in the exponent of α ± δ in the exponent of equation 49 must depend on the
magnitude of the elasticity parameter γ. In particular, the exponent should have a plus sign if
γ > 1 and a minus sign whenever γ ∈ [0,1] in order to ensure that v1 is increasing in δ.

v0(p0, δ) = − 1
1 − γ

eα · p0
1−γ (48)

v1(p1, δ) = − 1
1 − γ

eα±m1·δ · p1
1−γ + (1 − m1)eα · δ (49)

Note that it would also be possible to introduce additional complexities on this repre-
sentation of utility functions – such as introducing an effect of δ also on v0 (with opposite sign
to the representations on v1 in order to ensure consistency with the assumptions from theorem
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1), and to also possibly differentiate the elasticities γr and/or baseline multiplicative constants
αr for each of the two routes. However, even in the absence of any further refinements like these,
there are still interesting conclusions to be drawn regarding the relatively simple expressions
depicted in equations (48) and (49).

It’s worth noting that, in the additive case with m1 = 0, consumers’ demand level qr is
not affected by their type; although this is not true in the multiplicative case. The case m1 = 1
implies the somewhat counterintuitive behavior that, even if the prices of the two routes were
the same, consumers would not choose to consume the same amount of electricity from route
0 and route 1 (seeing that their type δ influences their choices of q1). Furthermore, consumers
with a particularly high type, and therefore most likely to adopt the DG supply option, are also
the ones that can be expected to have their consumption level be reduced the most comparing
their demand level if supplied by route 1 to their demand level if supplied by route 0. This is the
case as long as γ is between zero and one, and the logic is reversed if γ is greater than one (i.e.
high-typed consumers tend to increase their consumption in route 1 relative to route 0 rather
than decrease it). Seeing that in practice route 1 is a relatively recent addition and the average
demand per consumer has historically been observed in the case where all consumers have been
supplied by route 0, a prediction made by the multiplicative isoelastic model is that the average
demand per consumer will decrease as more consumers adopt route 1 as long as γ < 1.

Despite its counterintuitiveness, the multiplicative isoelastic models yields an expression
that relates consumers’ propensity to adopt route 1 over route 0 in terms of the price ratio
between the two routes, as depicted in equation 50. This type of representation based on a
price ratio is simpler than what is obtained in the additive case (which involves a difference
of p1−γ) and has desirable econometric properties, having been explored in quantitative work
such as Cunha 2021a and Cunha 2021b. Given the existence of a broader literature applying the
multiplicative isoelastic model to the quantification of the distribution of types in a population,
it can be desirable to follow this approach. In practice, we will choose to develop as much as
possible both the “additive” and “multiplicative” cases.

log v1(p1, δ) − log v0(p0, δ) = δ − (1 − γ) log
p1
p0

(50)

It is possible to characterize the optimal pricing solution in the isoelastic case by calculat-
ing the key parameters γ̂r, φr and R as introduced in section 4.4.2, as well as the type threshold
δ̂. Note that, in the isoelastic case, the quantity γ̂ is simply equal to γ and thus becomes in-
dependent of the threshold δ̂ dividing consumers that prefer route 0 or route 1 at equilibrium,
regardless of m1. Furthermore, because the demand q0 does not depend on δ regardless of m1,
we have φ0 = φ̂. In the additive case, seeing that the consumer demand q1 once again does not
depend on δ, we have φ0

1 also intimately related to the hazard rate (measured from the other
extreme of the distribution. In the case of route 1 in the multiplicative case, however, a more
complex expression for φ1

1 must be incorporated, as depicted in equation (51).

φ1
1 =

f(δ̂)∫ ∞
δ̂

e−δdF (δ)
(51)

Using the definitions presented in section 4.4.1, the threshold δ̂ corresponds to the con-
sumer type that is indifferent between choosing the conventional grid supply route or the rooftop
solar route. Using the features of the isoelastic utility, it is possible to obtain simple closed ex-
pressions for ˆdelta in the additive case and the multiplicative case, as shown in equations (52)
and (53) respectively. Note that the equality (52) implies that δ̂ > 0 if and only if p1 > p0 at
equilibrium, regardless of whether γ is less than one (positive exponents and positive denomina-
tor) or greater than one (negative exponent and negative denominator). In contrast, the equality
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(53) uses the assumption that γ ∈ [0,1], as otherwise it would be necessary to invert the sign of
the representation of δ (as introduced in equation 49).

δ̂0 =
p11−γ − p01−γ

1 − γ
(52)

δ̂1 = log
(
p
(1−γ)
1

)
− log

(
p
(1−γ)
0

)
(53)

The expression from equation (53) is particularly useful, as it allows for the simplifi-
cations of the expressions of Rr and ∂v1∂δ̂ in the multiplicative case. After some additional
manipulations, the final revised expressions for the first order conditions in the additive case
and in the multiplicative case are depicted in equations (54) and (55) respectively.

m0
r =

pr − ∂C
∂Qr

pr
=

1
γ

·
⎡
⎣ λ

1 + λ
+ φr

⎡
⎣p(−r) − ∂C

∂Q(−r)

p(−r)
p1−γ
(−r) − pr − ∂C

∂Qr

pr
p1−γ

r

⎤
⎦

⎤
⎦ (54)

m1
r =

pr − ∂C
∂Qr

pr
=

1
γ

·
⎡
⎣ λ

1 + λ
+ φr · (1 − γ)

⎡
⎣p(−r) − ∂C

∂Q(−r)

p(−r)
− pr − ∂C

∂Qr

pr

⎤
⎦

⎤
⎦ (55)

4.5.2 Illustrative results

In order to highlight some of the implications of the Ramsey pricing model, it is useful to
observe the behavior of the regulator’s optimal pricing strategy using some parametric examples.
In particular, we evaluate the case in which the marginal cost cr = ∂C

∂Qr
is constant for both

technological routes, and we study how changing the marginal cost ratio c1
c0

affects pricing in
the additive case. We also evaluate two possible elasticity values, one greater than one (γ = 1.2)
and one smaller than one (γ = 0.7), both accompanied by λ = 0.2. The price markup mr is
defined as the ratio depicted in equation (56), which is the same expression that appears in the
Ramsey pricing equations, and it represents the key statistics we will be evaluating throughout
the present section. We will also denote m0

r the markup obtained from the Ramsey pricing rule.
It’s also worth noting that, for this first exercise, a simple uniform distribution with mean zero
and unit variance was considered to represent the distribution of types in society – although the
results tend not to be radically different for other choices of probability distribution of types.

mr =
pr − ∂C

∂Qr

pr
(56)

The results of this numerical exercise are presented in figure 29. Note that each point on
the horizontal axis in each of the two elasticity scenarios represents a different configuration for
the system, for each of which the configuration that yields both optimal prices at equilibrium
is identified. The optimal markups for the two curves must be found simultaneously in order to
take into account the interaction between the pricing of the two routes. Note furthermore that
the horizontal line represents the Ramsey pricing rule m0

r (as introduced in section 4.2.1), which
yields a constant markup that is not affected by the consumers having the possibility to switch
between the two routes. Because the elasticity is assumed to be the same for the two routes, the
Ramsey price markup will also be the same – although if the marginal costs of the two routes
are different (at any point on the curves other than the point c1

c0
= 1), evidently the final prices

will also be different.
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The similarities and differences between the low elasticity case and the high elasticity
case are quite striking in figure 29. It is immediately apparent, for example, that in the low-
elasticity case markups will be higher than the Ramsey pricing rule for the lower-priced option
(that is, mr > m0

r if and only if cr < c−r; whereas the opposite is the case for the high-elasticity
case. This implies that in the low-elasticity case the optimal pricing rule contributes to reduce
the cost difference between the two routes, whereas in the high-elasticity case it has the opposite
effect of magnifying this cost difference. It also merits highlighting that even in the low-elasticity
case, the lower-costed alternative still had a lower final price despite the increase in the markup.
This conclusion is in line with the developments in section 4.4.3.

Figure 29: Example results of price markups obtained at equilibrium, compared to the Ramsey
pricing result (dotted lines), as a function of the ratio between the marginal costs. Low-elasticity
cases on the left and high-elasticity on the right.

Another property that both the high-elasticity and low-elasticity cases share is that both
routes yield an optimal markup equal to m0

r in the particular case where the two marginal costs
are the same, c1

c0
= 1. This is a direct consequence of the shape of the isoelastic utility functions

that was assumed, and as a consequence this feature is maintained even if the consumer types in
a particular population is skewed towards preferring one of the two supply routes. As illustrated
in figure 30, by choosing a distribution of types that is more skewed towards preferring the DG
self-supply option (route 1), it is possible to assess in a higher level of detail the behavior of the
price curve in the region where c1

c0
> 1. Nonetheless, it remains true that m1 = m0

1 only at the
point c1

c0
= 1 – which in turn means that m1 < m0

1 in the low-elasticity case and m1 > m0
1 in

the high-elasticity case in this range of values where route 1 is costlier.

Figure 30: Example results of price markups obtained at equilibrium, similar to the previous
exercise but with a population strongly biased towards picking route 1 over route 0

It also merits noting that, in both figure 29 and figure 30, for very extreme values of
c1
c0

consumers’ adoption of one of the two routes approaches zero, which can create numerical
artifacts due to the level of precision of the program used to run these simulations. The range of
values of c1

c0
represented graphically in these two figures thus corresponds to the values where a
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market share for the less attractive route could reliably be calculated – which is in itself another
useful piece of information. It would be possible to precisely extrapolate these curves further by
improving the precision of the model (at potentially significant computational costs, given the
narrow tails of the normal distribution); though the problem fundamentals allow for insights
on this extrapolation. In particular, note that the markup of the more favorably-priced option
seems to reach an inflection point (a maximum in the low elasticity case and a minimum in
the high elasticity case) at some level of c−r

cr
. It seems reasonable to expect that, as this ratio

goes to infinity, one approaches once again a Ramsey pricing case – seeing that, as one of the
two supply routes becomes “infinitely” less favored for all consumer types, the policymaker’s
optimization problem can virtually ignore this alternative supply route (as no consumers will
choose to switch). This suggests an asymptotic limit mr → m0

r as c−r

cr
→ ∞, which combined

with the condition mr = m0
r at

c−r

cr
suggests that an inflection point would be inevitable.

4.6 Parameterization of a case study

4.6.1 Introducing the Brazilian case

With the goal of translating this paper’s theoretical results to a real-world application,
we turn ourselves to the problem of evaluating the effectiveness of distributed generation pricing
policies in Brazil. We will focus specifically on the residential electricity market, which in 2020
involved a total consumption of 132 terawatt-hours and total payments to the utility company
of approximately 105 billion Brazilian reais (or roughly 21 billion US dollars). The residential
market represents around 50% of the total electricity supplied by Brazilian distribution compa-
nies, which in turn represents slightly less than half than the entirety of the electricity produced
in the country (after incorporating transmission and distribution losses as well as liberalized
large-scale consumers, which do not have access to the same DG incentives that distribution
companies do). The choice of residential consumers in particular as a target market is motivated
by the rich information on the demographic characteristics of this particular segment that al-
lows for a more accurate description of their preferences and propensity to adopt the DG system
based on market data in Brazil. For the purpose of the present analyses, we will treat the pa-
rameterization of consumer preferences as input data, though detailed econometric assessments
are presented in Cunha 2021a and Cunha 2021b.

At its core, the Brazilian “net metering” policy is such that residential adopters of
DG perceive the price of electricity upon adoption p1 to be simply equal to the price of the DG
system p11. As highlighted in section 4.3.2, in order to effectively choose the price p1 perceived by
adopters and maximize welfare, the distribution company could charge some additional amount
p01 to adopters in exchange for providing balancing services (as the DG-adopting units would still
be connected to the electricity grid). Even though Brazilian regulation does foresee an “access
charge” for adopters of DG, for residential adopters this charge currently operates as a fixed
minimum monthly payment, and therefore it does not influence consumers’ marginal incentive
to adopt the alternative route. Brazil has discussed alternative regulatory schemes that would
effectively alter the incentives p01 to DG adopters (see, for example, ANEEL 2018), although
they have been studied in a context of cost allocation rather than welfare maximization. A
more thorough description of the Brazilian policy for DG adoption and alternative regulatory
implementations that have been proposed is presented in Cunha 2021a.

As a brief aside, it’s worth discussing to what extent the current implementation of
the “access charge” in Brazil affects the results presented throughout the present paper. The
revised formulation of consumers’ optimization problem is presented in equation (57) – a slight
variation of equation (31). It’s worth noting that the Brazilian “access charge” is not a fixed
payment (which would lead to a translation of the preferences for all consumer types), but rather
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a minimum payment (which implies that incentives are affected if and only if the individual
demanded quantity q is less than q0r ). As seen in section 4.5.1, the electricity demanded quantity
actually depends on the choice of the parameter α, with the “access charge” playing no role at
all if the demanded quantity is sufficiently high (the indirect utility function is indistinguishable
from the form shown in equation (31)). In the assessments carried out in the present case study,
we will assume that α is large enough that the effect of the “access charge” can be ignored.

vr(pr,δ) = max
q

ur(q,δ) − pr min{q0r , q} (57)

In the following sections, we will propose a small number of plausible parameterizations
for the Brazilian residential DG market (in terms of the cost function, shadow cost of public
funds, and distribution of types). For each of these parameterizations, using the developments
from the present paper we will calculate what would be the optimal unconstrained pricing policy
(assuming that the regulator can set p01 to any value), and compare the welfare consequences of
this optimal policy to policies currently under discussion in Brazil.

Note that the main goal of this analysis is to provide a realistic yet stylized assessment
of welfare for the Brazilian reality – and as a consequence, not all features that are relevant
for determining adoption levels in practice will be explored in detail. Most crucially, we will
initially model Brazilian electricity consumers as a homogeneous population (differentiated only
according to individual types δ), even though in practice there ought to be a distinction in the
parameter α (as different consumers clearly have different consumption levels) and in the costs
of electricity supply.

The distribution companies that own concessions to service residential consumers in each
geographical area may have slightly different fixed costs and variable costs, and the marginal
cost c1 for the DG supply route is influenced by the quality of the solar resource at each loca-
tion. In practice, incorporating a more granular representation of the heterogeneity of Brazilian
consumers would not impose a challenge, as it would suffice to repeat the same type of analysis
and calculation. However, there would be additional choices to be made, such as whether prices
p0 and p1 could be chosen individually for each distribution company or whether a unified policy
across the entire country would be required. Thus, in order to focus our analysis on only a few
important sources of uncertainty and draw clearer conclusions and takeaways, we opted not to
represent this heterogeneity here.

Yet another consideration worth noting is that the model developed throughout the
present paper focuses on a “static” (or “timeless”) representation of the regulator’s pricing pol-
icy, in which prices do not vary over time. In practice, however, there seems to be an important
dynamic component to a country’s choice of energy policy, given the characteristic “S-shaped”
curve of the diffusion of innovations in a society. This type of behaviour has been described
for innovations in general by Bass 1969 and Rogers 1962, and the prediction that an “imita-
tion effect” will yield exponentially increasing adoptions in the early stages of dissemination is
corroborated by the data for adoption of self-supplied DG in particular – as indicated in figure
31.

Note, however, that the effect of the diffusion process is by its very nature transient, as
in the limit as time approaches infinity one can expect the total share of adopters to stabilize
(and thus incremental adoptions at each period to drop to zero). Therefore, one interpretation
of the present paper’s static result is that it is representative of the regulator’s optimal price-
setting strategy if only the final outcome matters, and not the transient period. That is, the
static result is representative of the case in which the diffusion process is relatively quick, and/or
the temporal discount rate approaches zero. If we are outside of this limit, the regulator could
seek some tradeoff between long-term efficiency and short-term gains by adopting policies that
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Figure 31: Historical evolution of the cumulative DG installed capacity. Source: own elaboration
based on ANEEL data

would accelerate adoption in the early stages. Because our assessments of the present case
study will focus only on the long-term market equilibrium, however, the result of the “static
optimization” will certainly represent the best-case scenario for final outcomes (and introducing
dynamic optimization elements can only worsen this long-term total welfare).

4.6.2 Tariff structure and marginal cost of public funds

As highlighted in section 4.3.1, we hope to identify at least three parameters that describe
the simplest version of the total cost function for supplying the electricity market: a fixed cost
cF , a marginal cost of conventional supply c0, and a marginal cost of DG supply c1. Perhaps
one of the most valuable inputs for estimating cF and c0 is the breakdown of the electricity
tariff applied by the distribution companies in Brazil, seeing that the tariff structure has not yet
been too profoundly influenced by DG adoption levels. It’s worth noting that, even though the
electricity tariff calculation methodology is established by the regulation and explicitly refers
to individual cost components, the electricity tariff is actually a representation of p0 (rather
than parameters of the cost function directly), and therefore it is desirable to also address the
influence of the marginal cost of public funds λ in this pricing strategy.

On average, the electricity tariff p0 paid by residential electricity consumers in Brazil in
2020 was equal to 795 BRL/MWh. This total cost approximately follows the simplified break-
down presented in figure 32, with the main components detailed below. Note that, for simplicity,
we will seek to classify each of the cost components as essentially “fixed cost” or “variable cost”,
even though in practice there is more nuance to this classification.

• The “TE - Energy Tariff” component represents the costs of purchasing electricity from
generators. Given that Brazil operates a liberalized electricity market with separation
of the generation, transmission, and distribution activities, this component represents a
variable cost of electricity supply.

• The “TE - Other components” represents mainly system charges that are generally more
closely tied to the energy supply costs. In particular, the costs of operational maneuvers
carried out by the system operator in the short term in order to maintain system stability
(so-called “System service charges”) are part of this component. This is a heterogeneous
portion of the tariff (despite not being large in magnitude), and it can be described as a
hybrid of fixed and variable components of electricity supply.

• The “TUSD-E - Losses” refers to losses in the distribution grid (not losses in the high-
voltage transmission grid, which are part of the TE components above). The losses com-
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ponent includes energy theft (so-called “non-technical losses”), which operate essentially
as a fixed cost from the system’s standpoint; as well as more conventional technical losses
in the distribution grid, which can be considered more of a variable cost component (as it
is roughly proportional to q0, or the amount of conventional electricity supplied from the
grid).

• The “TUSD-E - System charges” refers to certain additional system charges (ones that
were not already incorporated into the TE as stated above), which includes for example the
“Account for energy development” – a charge that is used to cover various cross-subsidies
and energy policies in the Brazilian electricity sector. Because this component is driven by
energy policy, it can be treated essentially as a fixed cost.

• The “TUSD-D - Transmission” component, also known as “Fio A” in Brazil, includes the
costs of transmission (which, given the separation between transmission and distribution
in Brazil, represents essentially a pass-through from the distribution company’s point of
view). Transmission assets are long-lived and generally understood as a fixed cost.

• The “TUSD-D - Distribution” component, also known as “Fio B” in Brazil, includes the
costs of distribution – which include operation and maintenance costs as well as capital
remuneration and depreciation for the distribution company’s assets. Like in the case
of transmission, this component represents the remuneration of key pieces of long-lived
infrastructure, and therefore are typically understood as a fixed cost.

• The “Taxes” component includes both federal taxes and state taxes in Brazil. The law and
regulations in Brazil typically treat this component as a direct percentage increase (thus
applying to fixed costs and variable costs alike). However, under the theory of regulation
framework explored in the present paper, policymakers could implicitly adjust the tax rate
in order to yield a welfare-maximizing p0 (implying that taxes are neither a fixed nor a
variable cost).

Figure 32: Example breakdown of the total regulated tariff for a typical residential consumer in
2017. Source: own elaboration based on ANEEL data

Note that, even though the Brazilian regulation generally seeks to ensure that the “TE”
and “TUSD” tariff components allow the distribution company to recover their full fixed and
variable costs (plus some small incentives components), the presence of the taxation component
allows for some discretion in the final electricity price p0. Even though taxation is entirely
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outside of the jurisdiction of the electricity regulatory authority, it might be reasonable to assume
that the Brazilian tax code may have been optimized for welfare maximization in a condition
where distributed generation self-supply did not exist as an alternative (seeing that this is
a relatively recent innovation). In the absence of consumers’ binary choice, the government’s
welfare-maximization strategy coincides with the Ramsey pricing policy described in section
4.2.1, and therefore it is possible to obtain an estimate for the shadow cost of public funds λ
given knowledge of (i) the total tariff p0, (ii) the marginal cost of electricity supply c0, and (iii)
the elasticity of demand of residential consumers γ.

Based on the above discussions of the tariff components, we estimate the marginal cost
c0 based on the “TE - Energy Tariff” component plus half of each of the “TE - Other” and
“TUSD-E - Losses” components, yielding a marginal cost equal to 264 BRL/MWh out of a total
tariff of 795 BRL/MWh (based on values of 2020). For the elasticity of demand, we will use
the value γ = 0.144 reported by Schutze 2015 for the Brazilian residential electricity sector.
This estimate was obtained using instrumental variable regressions on data from all distribution
companies in the Brazilian system, and the value is in line with the typical behavior of residential
electricity demand (which tends to be relatively inelastic) in other studies in Brazil and elsewhere.
Substituting these parameters into the expression introduced in section 4.2.1, we obtain a shadow
cost of public funds equal to 0.113, as highlighted in equation (58).

1
γ

λ

1 + λ
= 1 − c0

p0
⇔ 1

0.144
λ

1 + λ
= 1 − 264

795
⇔ λ = 0.1064 (58)

This value of λ is relatively small compared to what is typically found in the literature,
although not outside the typical range of values. Literature reviews such as the one presented in
Barrios, Pycroft, and Saveyn 2013 seem to indicate a greater number of references with λ lying
close to 0.5 or 0.6 – however, given the low elasticity of electricity demand, it is worth noting
that there would be no equilibrium solution for any value of λ greater than 0.17. As discussed in
Annex 1, existence of a Ramsey pricing solution is not always guaranteed, and in the case of an
inelastic good with a high marginal cost of public funds it becomes desirable for the price-setting
regulator to drive the price p0 upwards without bound, not reaching equilibrium for any finite
value of p0. Thus, it is not surprising that the estimated value of λ lies below this upper bound
– and, given that we will still assume the same elasticity of demand after route 1 is introduced,
it may make sense to consider the same marginal cost of public funds in the new optimization.

Of course, it would be possible to question the assumption that the tariff-setting ap-
proach in Brazil has been welfare-maximizing for the conventional supply route historically. It
is certainly possible that there are systematic distortions, such as political influences by interest
groups, that may have led to the residential electricity tariff being set at non-economic levels.
However, in the absence of strong evidence that could indicate what kind of distortions could be
in place, and also noting the narrow range of values of λ that would yield reasonable (and finite)
pricing policies, the value calculated in equation 58 seems to be a robust and useful benchmark.

Another point of contention, on the other hand, is how realistic it would be to revise
laws and regulations that currently establish the methodology for determining the electricity
tariff p0 in order to once again reach the welfare-maximizing equilibrium after the new supply
route 1 has been introduced. The new supply route certainly represents a change in the status
quo, and it is very unlikely that the same policy that was welfare-maximizing when only one
supply route was available remains optimal after such a profound change. However, the path of
least resistance would be to allow the current mechanism to continue to operate in the future,
as it would require no major changes in the laws and regulations.

The current paradigm for setting electricity tariffs can be represented in a stylized man-
ner as (i) establishing a fixed linear tax rate τ to be applied to the tariff and (ii) introducing
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as a constraint to the optimization problem that the distribution company must recover the
entirety of their costs. As discussed in section 4.2.1, the regulator’s problem of setting prices
under a budget constraint is a well-known variation that yields exactly the same pricing strategy,
with the exception that, rather than applying an exogenous marginal price of public funds λ,
an analogous parameter λ̂ represents the dual variable associated with the budget constraint.
Note that, in both cases, the same value – either λ or λ̂ – applies to both the expression for
p0 and for p1 (if p1 can be optimized). Therefore, in the interest of assessing a broader range
of possible outcomes, we will represent both types of price-setting strategies: one that simply
maximizes welfare taking the exogenous value of λ, and one that maximizes welfare subject to
the constraint of cost recovery.

One additional subtlety that’s worth highlighting is that, because of the exogenous tax
rate in the budget-constrained representation, the constraint must require the distribution com-
pany to recover a multiple of its actual cost function to ensure that they are revenue-neutral
after taxes: (1 + τ) · C(Q0,Q1). This effectively implies that a multiplier (1 + τ) will need to be
applied to the marginal cost in all expressions that describe equilibrium prices in this budget-
constrained case – this slight modification in the expression for the optimal price is illustrated
in equation (59) for the Ramsey prices in particular. Note that, based on average figures for the
Brazilian residential market in 2020, τ is approximately equal to 0.40.

1
γ

λ̂

1 + λ̂
= 1 − (1 + τ)

c0
p0

(59)

4.6.3 Costs and policy-driven prices of the DG supply route

In order to obtain the levelized cost of the rooftop solar system, we use a simple cashflow
model to represent ths system’s lifetime expenses. The methodology for building this financial
model is described in detail in Cunha 2021b – however, it’s worth highlighting that the most
important cost component by far is the upfront cost of the solar system, or “CAPEX”. As of
end 2020, according to Greener 2020, this cost for residential solar systems was around 3.6 BRL
per watt of peak capacity of the solar panels. Considering a solar irradiance of 5.37 equivalent
hours of peak solar irradiation per day (a median value for the entire country of Brazil) and an
average performance ratio of 75%, and also considering a discout rate of 10% per annum, we
obtain a variable cost equal to 318 BRL/MWh.

Figure 33: Simplified representation of the cashflow of a rooftop solar system

An important underlying assumption in this representation is that the DG solar systems
are sold in a competitive market, which allows us to represent c1 as being equal to the variable
cost of 318 BRL/MWh calculated earlier, with no additional fixed costs for supplying this
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service. This seems like a reasonable assumption, given that, as reported by Greener 2020, there
is a relatively mature market for companies providing the services of “aggregators” of DG solar
systems, with a large number of participants. This implies that the price of the residential
solar system (equal to 3.6 BRL/W) is sufficient to cover the aggregators’ cost of importing the
necessary equipment (most notably the solar module and an electrical inverter), install it on
site, and carry out all ancillary activities such as communicating with suppliers and customers,
testing, maintenance, etc. Note that, even though the distribution company is not involved in
any of these affairs, it is still important to incorporate the costs associated with providing the
DG service into the aggregate cost function C(Q0,Q1). The main cost component associated
with the total cost of supplying the solar DG system by aggregators, under the assumption of a
competitive market, can be represented by a simple linear cost component c1Q1 (with no fixed
costs and no economic rents or profits).

As discussed in section 4.6.2, the strategy for defining p0 involves an interplay between
the government-mandated tax rate τ , the distribution companies’ cost recovery constraint, and
the goal of global welfare maximization (influenced by the marginal cost of public funds). In the
case of choosing p1, potential strategies are more heavily constrained by energy policy decisions,
and for this reason we are interested in addressing three possible cases:

• The “status quo” alternative is equivalent to the current net metering policy in Brazil, and
it involves imposing p1 = c1.

• The “predefined charge” alternative involves defining p1 = c1 + p01, for some p01 defined
based on the “fixed costs” of electricity supply as described below.

• The “optimization” approach does not apply any constraint on p1 and uses the price yielded
by the regulator’s welfare optimization problem.

In order to approximate the parameter p01 in the “predefined charge” case, we will use
the so-called Alternatives 1 through 5 that have been explored by the regulator in public con-
sultations carried out in 2018 and 2019, as described in ANEEL 2019 and in Cunha 2021a. Even
though each of these alternatives have a correspondence with the components of the Brazil-
ian electricity tariff as introduced in section 4.6.2, for the purpose of the present analysis we
will focus exclusively on Alternative 5, which represented the strictest definition of which costs
the DG adopters would be allowed to offset among the alternatives presented by the regulator
on the occasion. This implies that Alternative 5 will have the highest p01 of any alternative,
which provides a good contrast with the “status quo” (called “Alternative 0” in the regulator’s
documents), which establishes p01 = 0.

Alternative 5 establishes that solar DG adopters would be able to offset 100% of the
electricity tariff whenever they are consuming electricity directly from their DG system – that
is, whenever their consumption happens simultaneously with the production in the DG unit,
which implies that the consumer is not using the distribution grid at that particular moment.
However, as addressed in section 4.3.1, the demand profiles of electricity demand and of solar
production in the DG system are substantial, and one can expect this simultaneity effect not
to be triggered most of the time. Whenever the consumer “borrows” electricity from the grid in
order to balance their supply and demand profile, however, Alternative 5 establishes that the
consumer can only offset the cost of the “TE - Energy tariff” tariff component. This implies
that, in case a DG adopter exports 100 kWh of excess DG production in the early afternoon
and draws 100 kWh to complement their demand profile in the evening, the consumer under
Alternative 5 would need to pay all of the tariff’s TUSD components, in addition to the “TE -
Other” component, in proportion to the 100 kWh “borrowed”.
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Based on a typical simultaneity factor of 38.9% (as recommended by ANEEL 2019,
ANEEL 2018) and on an assessment of the individual tariff components as defined in section
4.6.2, we estimate that DG adopters’ tax-free contribution p01 to the distribution company in
the predefined charge case would be equal to 190 BRL/MWh, proportional to the consumer’s
total demand q1. Adding the average tax rate to this price yields an estimated value of p01 equal
to 265 BRL/MWh that would be charged from adopters of DG by the distribution company.

4.6.4 Consolidated cost of supply function

As discussed in sections 4.6.2 and 4.6.3, our analyses will focus on a total of six permuta-
tions for the case assumptions. Two possibilities for the strategy for fixing p0 will be evaluated:
the “fixed λ” case (where the regulator solves an unconstrained optimization problem exactly
as represented in section 4.2.2) and the “fixed budget” case (where the welfare optimization is
slightly modified to include a constraint that distribution companies must balance their bud-
gets, and the shadow cost of public funds becomes endogenous). We will actually find it useful
to define two separate sets of parameters to the representation of the cost function in each of
these two cases. This is because, in the “fixed budget” case, revenue neutrality of the distribution
company is maintained after the payment of taxes, which makes it desirable to incorporate the
tax multiplier (1+ τ) to each of the relevant components of the cost function. In contrast, in the
“fixed λ” case, taxation is endogenous to the model, and therefore it is preferable to represent
all cost function components tax-free.

In parallel, three possibilities for the strategy for fixing p1 will be evaluated: the “opti-
mized price” strategy, the “zero markup” strategy (corresponding to the current implementation
with p01 = 0), and the “fixed markup” strategy (where p01 is fixed and greater than zero). A sum-
mary for the proposed representation of the cost function parameters, along with the price
parameter p01, is depicted in table 9

Table 9: Parameters for the cost function

Fixed λ case Fixed budget case
c0 264 369
c1 318 318
cF 305 · 132 426 · 132
p01 265 265

It’s worth highlighting that, because the payment of c1 does not involve the distribution
company at all (it is paid directly to the DG system providers as discussed in section 4.6.3), there
is no need to represent taxation as an intrinsic part of this parameter in either representation. The
choice of representation of p01 must certainly include the taxation markup in the fixed budget case,
although the treatment of this component in the fixed λ case is more ambiguous. Representing
the current tax rate as a markup seems like a reasonable strategy to avoid circular reasoning. In
models where the price can be set freely the taxation rate is implied to be endogenous, and it
can be inferred based on the price perceived by the end consumers pr and the financial surplus
from the electricity sector. The case where p0 can be set freely but p1 is fixed is a little more
complex, but we implicitly opt to represent taxation as endogenous for p0 but endogenous for
p1.

Note that the parameters from table 9 can be simply plugged into the affine representa-
tion of the cost function introduced in section 4.3.1. Even though it would be possible to make
several refinements to this affine cost representation, for example introducing second-order ef-
fects associated with the different profiles of DG production and of electricity demand (and
the resulting synergies and anti-synergies), as we hope to demonstrate the affine representation
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should be sufficient to highlight key points of the model, as we will demonstrate.

4.6.5 Parameters of consumer preferences

The final parameterizations that must be defined refer to the representation of consumer
types – encompassing both the description of the probability distribution of types F (δ) and the
shape of their preference functions vr(pr,δ). Following Cunha 2021b, we will opt to adopt a
multiplicative isoelastic representation for the consumer utility functions, as discussed in section
4.5.1. In Cunha 2021b, the authors argue that a multiplicative isoelastic representation of con-
sumer preferences is consistent with the representation of DG adoption as being dependent on
the log ratio of the prices p1 and p0 of the two routes, which is empirically observed. Therefore,
this choice of specification ought to yield a representation that realistically approximates the
reality of residential consumers in Brazil.

Once the choice for an isoelastic representation is made, one must choose the parameters
α and γ that characterize the utility function. As introduced in section 4.6.2, we will use the
value γ = 0.144 reported by Schutze 2015 for the elasticity of demand of the Brazilian residential
electricity sector. As for the parameter α, it will be calculated in order to ensure equilibrium at
the initial condition before DG emerges as a viable supply option: as introduced in section 4.6.1,
this corresponds to an equilibrium in which Q0 = 132, p0 = 795, and p1 is arbitrarily large. Note
in particular that the analyses presented do not consider that individual consumers may wish to
consume different quantities – even though it would be possible to represent such an effect by
considering individuals’ heterogeneity in the parameter α, the authors opted for a more stylized
representation in this case. As discussed by Cunha 2021b, this type of interplay can be relevant
for some considerations on the social consequences of DG policy, although it is outside of the
scope of the present case study.

As for the probability distribution of types, we once again refer to the work of Cunha
2021b. As highlighted in section 4.5.1, the expression that governs consumers’ propensity to
adopt the DG supply route has the form depicted in equation (60). Based on the empirical
results from Cunha 2021b, it is possible to obtain an estimate on the distribution of types for
the Brazilian residential market.

log v1(p1, δ) − log v0(p0, δ) = δ − (1 − γ) log
p1
p0

(60)

Firstly, it is important to note that the “type” δ as depicted in equation 60 is actually
composed of two components in the representation from Cunha 2021b: an “explained” com-
ponent (which incorporates municipality effects and the effect of demographic variables such
as household income and whether the residence is urban or rural) and an “unexplained” com-
ponent. The “unexplained” component ε is assumed to follow a standardized extreme valued
distribution and is responsible for yielding the logistic model used in Cunha 2021b. The model
was constructed such that the standard deviation of ε is fixed and equal to π√

3 , following the
standard representation of the logistic distribution. However, using the leading coefficient of the
term in log p1

p0
from Cunha 2021b’s regressions and comparing it to the known quantity 1 − γ

(given that we have already chosen which elasticity of demand to use), it is possible to obtain
the standard deviation of the unexplained component of consumers’ distribution of types in “ab-
solute” terms. Seeing that Cunha 2021b reported a coefficient of 4.270 for the log price variable,
and given the assumed value of the elasticity of demand equal to 0.144, the standard deviation of
ε ought to be scaled down – yielding an “absolute” standard deviation equal to 0.364 as depicted
in equation 61 for the “unexplained” final component.
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π√
3

· 1 − 0.144
4.270

= 0.364 (61)

In order to represent the complete probability distribution of types, it is desirable to
combine this “unexplained” variance component with the “explained” variance component stud-
ied in Cunha 2021b. Note that, if the pricing strategy does not differentiate consumers according
to the observable variables used in Cunha 2021b, it is possible to represent the sum of the ex-
plained and unexplained effect components as coming from a single draw from a more complex
distribution. Note that the “explained” component is also affected by the scaling effect depicted
in equation (61), and that it does not have a predefined underlying distribution – rather, its
distribution can be empirically assessed based on Brazilian demographic data and the regression
coefficients obtained from Cunha 2021b. Using the assumption of independence between the
explained and unexplained components, it is possible to construct a convolution, as depicted in
figure 34. Note that the resulting distribution is well approximated by a normal distribution with
variance 0.495 – which is the parameter we will adopt for this paper’s quantitative exercises.

Figure 34: Probability distribution of types in the entire population, taking into account observ-
able and non-observable characteristics, compared to a normal approximation

Even though the distribution depicted in figure 34 suggests a mean type of -1.45, sug-
gesting that most consumers are averse to adopting the solar DG system and would require lower
prices in order to be incentivized to adopt, this mean type unfortunately cannot be translated
into the “static” representation of consumer choice in this paper’s representation. As discussed
in section 4.6.1, the present paper is interested in a “timeless” representation of consumer pref-
erences and willingness to adopt, whereas in Cunha 2021b dynamic effects play a major role.
The average type of -1.45 depicted in figure 34 suggests a propensity to adopt at a given point in
time, and should not be considered representative of consumers’ type in the long term. Given this
limitation, we opted to use in this exercise the simple assumption that consumers’ preferences
are unbiased. That is, the probability distribution of types has mean zero and individuals are
equally likely to “favor” route 0 or route 1. Even though assuming that consumers’ preferences
have a net bias of zero is certainly a strong assumption, it is worth highlighting that the fact
that consumers have a balanced view will lead the market to be more sensitive to the lower-cost
option between the two available routes. Given the lack of more precise data, this approach
seems a reasonable way of representing the probability distribution of types for the “timeless”
analysis. While other configurations could also be tested, this paradigm seems like a logical
representation that will allow for an assessment of the welfare implications of the Brazilian DG
pricing policies.
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4.7 Case study results and discussion

4.7.1 Considerations on energy policy

Note that, as assessed in section 4.6.4, it is known that the DG supply route has a
higher marginal cost (as c1 = 318 is greater than c0 = 264). Furthermore, as assessed in section
4.6.5, the elasticity of electricity demand is smaller than one (γ equal to 0.144). Based on the
assessments represented in section 4.5.2, these two facts imply that we strongly expect to see
a result in which the markup of the high-priced alternative at the point of equilibrium can be
expected to be even higher than the Ramsey price markup.

In other words, knowing that the price historically charged in Brazil from residential
electricity consumers supplied by the conventional distribution grid p0 includes a “markup” that
corresponds to 66.8% of the total (that is, only only 33.2% of p0 corresponds to the marginal
cost c0), one would expect the optimal pricing strategy to involve implementing a price markup
at least equal to 66.8% for supply route 1 as well. This is perhaps one of the most robust results
of the present paper’s assessments of the optimal pricing strategy, as it is valid for a broad
range of assumptions on the exact behavior of the various parameters that describe consumers’
preference and the underlying distribution of types, the shape of the cost function, the marginal
price of public funds, and other components.

The fact that the costlier supply route should have a higher price as perceived by the end
consumer is not too unexpected, seeing that one would expect the optimal pricing strategy to
involve discouraging the consumption of costlier goods in order to maximize welfare. However,
this recommended strategy starkly contrasts with the current pricing policy in Brazil, according
to which the price perceived by consumers that opt for route 1 is simply equal to c1 (or 318
R$/MWh) whereas consumers that opt to continue to be supplied by the distribution company
pay the significantly higher price of 795 R$/MWh.

Of course it is not quite simple to implement a profound change on the regulatory
treatment of adopters of distributed generation units in practice – one must take into account
elements such as the minimum charge that adopters must continue to pay each month, the fact
that different consumers may have paid different prices p1 for their solar systems (particularly
early adopters, given the decreasing price trend that rooftop solar systems have faced over the
past years), the different discount rates according to which consumers may have made their
valuations, and the undesirable signal for regulatory instability that would be sent in case the
rules are changed for consumers that have already made the necessary investments to switch to
route 1. All of these political considerations are important when designing alternative regulatory
mechanisms for distributed generation (as well as rules applicable during a transition period),
and one must also take into account the likelihood of potential lengthy legal battles with parties
that feel harmed by the regulatory switch. The fact that such regulatory changes ought to be
planned and implemented carefully, however, does not diminish the conclusions from the case
study evaluated – in particular the welfare losses that Brazilian consumers suffer as a consequence
of the adoption of ill-advised policies.

It is relevant to point out in particular that recent Brazilian energy auctions have indi-
cated that large-scale solar power plants can be built at a cost of around 120 to 135 R$/MWh –
less than half the cost boasted by the small-scale distributed generation units. Therefore, even
if there are other intangible benefits that the policymaker ought to take into account in their
representation of welfare, there could be alternative strategies that would be much more effective
at delivering clean electricity at lower prices.
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4.7.2 Initial exploration of fixed price policies

Table 10 summarizes the outcomes of a few initial scenarios in which the prices p0 and
p1 are taken as a given. The first scenario is the “no adoption” case, which aims to represent
the initial situation in which route 1 was unavailable as an option to Brazilian consumers (this
was simulated by setting the price of the SG supply route p1 extremely high). The second, or
“current” scenario, is used to approximate the current Brazilian pricing policy, and it involves
setting p1 equal to c1 and maintaining p0 equal to its historical value. Note that, according to
the current Brazilian tariff-setting mechanisms, p0 would need to be revised as DG adoption
grows in order to ensure that the distribution company maintains a balanced budget, although
this effect is ignored in this first exercise. Finally, the third scenario is an “equal prices” scenario,
implying that the costs perceived by the end consumers p0 and p1 are the same (and equal to
the historical p0).

Table 10: Descriptive metrics of welfare for three different “fixed price” policies, obtained by
setting p0 and p1 to the given values

Variables \Scenarios Scen.1 Scen.2 Scen.3
p0 (R$/MWh) 795 795 795
p1 (R$/MWh) ∞ 318 795
Market share of route 1 (%) 0.0% 94.4% 50.0%
Unit consumption r.0 (MWh/unit) 2.103 2.103 2.103
Unit consumption r.1 (MWh/unit) 0.000 2.478 1.475
Welfare per unit r.0 (R$/unit) 1410 1410 1410
Welfare per unit r.1 (R$/unit) 0 2443 1993
Payment per unit r.0 (R$/unit) 1672 1672 1672
Payment per unit r.1 (R$/unit) 0 788 1173
Distcos’ collected revenue (GR$) 104.9 5.9 74.6
Total budget surplus (GR$) 29.8 -36.3 16.9
Post-tax budget surplus (GR$) 0.0 -38.0 -4.3
Total social welfare (GR$) 121.5 109.5 125.5

Unsurprisingly, by construction the first scenario yields a market share of adopters equal
to zero. The third scenario results in exactly 50% of the population finding it preferable to adopt
route 1 – a direct consequence of the assumption that the distribution of types in the population
is a symmetric distribution with mean zero. The second scenario, in turn, yields an extremely
large adoption rate of 94.4%, largely as a consequence of the very strong financial incentives
(as p0 is over twice as large as p1). Note that this very high adoption rate was obtained with
a number of underlying assumptions, such as ignoring consumers’ heterogeneity (other than
the type δ), ignoring frictions of the diffusion process and other dynamic effects, and ignoring
the fact that there is a minimum consumption level that consumers cannot completely offset (as
introduced in section 4.6.1). Nonetheless, the key message from such a high adoption rate is that
most of the consumers that are able to adopt the rooftop solar route will do so, with significant
consequences for energy planning and policy.

The following block of rows of the table summarize the outcomes per residential unit,
separating between those that continue to be supplied by route 0 and those that prefer to
be serviced by route 1. For these calculations, we used that the total 132 TWh demanded
by the Brazilian residential electricity market services 62.8 million households, which yields a
mean yearly consumption per residential unit equal to 2.103 MWh in the initial “no adoption”
scenario. Because all three scenarios depicted in table 10 have the same price for route 0 (and
their demand under this route does not depend on their type δ), the three variables depicted are
the same across all three scenarios for route 0 adopters: the yearly unit consumption, the yearly
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payment per unit (which simply corresponds to the yearly consumption multiplied by the price
p0), and the yearly welfare per unit. For the welfare per unit, an arbitrary additive constant
equal to (1 − γ) · 15001−γ was applied in order to yield a positive welfare (as long as the price
does not exceed 1500 R$/MWh).

For route 1, in contrast the varying values of p1 in the three scenarios lead to varying
adoption levels, which in turn leads to greater variance in these key parameters. Notably, com-
paring the unit consumption from scenario 1 to scenario 3 highlights the result discussed in
section 4.5.1, according to which route 1 adopters tend to have a lower propensity to consume
due to the multiplicative isoelastic utility model (which also manifests in the payment per unit).
In scenario 2, this effect is obscured by a combination of two factors: firstly, the significantly
lower price in route 1 affects consumers’ decisions, driving the unit demand level at route 1
upwards; and secondly, because the market share of route 1 adopters is so high in scenario 2,
on average adopters have a type δ that is much closer to zero (with some adopters even having
a negative δ) – whereas in scenario 3 adopters have types that are more positive biased. In
addition, as expected the unit welfare for adopters of route 1 is greater in both scenarios 2 and
3.

The last block of rows in table 10 refers to grand totals in billion Brazilian reais (GR$).
The distribution company (Distco)’s total collected revenues corresponds to the aggregated
“payments per unit” on each route, except for a cost equal to c1q1 which represents a payment
from the consumer directly to the company that offers services to install and maintain the solar
rooftop system (and which therefore does not involve the distribution company at all). By sub-
tracting the cost function perceived by the Distco (once again ignoring the c1q1 component) we
obtain a “budget surplus” that represents either transfers to the treasury in the form of taxes
(if positive) or transfers from the treasury in order to maintain Distcos financially solvent (if
negative). In order to make a comparison with the current Brazilian tax policy, which is repre-
sented as a fixed percentage markup on top of the Distcos’ “total collected revenue”, we add the
“post-tax budget surplus” as an additional illustrative result – although it’s worth noting that,
in practice, any result different than zero for the post-tax budget surplus would mean that the
current taxation policy would need to be revised in order to balance the distribution company’s
financial situation. It is notable to point out that the collected revenue decreases substantially
from scenario 1 to scenario 3 and (even more so) to scenario 2, as a larger portion of the con-
sumers’ payment for electricity no longer involves the Distcos. Even though the parameters were
chosen in a way that ensures that the Distcos’ post-tax budget surplus is equal to zero in the
non-adoption case (scenario 1), neither of the other two scenarios are able to sustain the current
levels of taxation practiced in Brazil – indeed, the pricing policy from scenario 2 proves to be
insufficient to even fully recover the Distcos’ fixed cost, as even the pre-tax budget surplus in
this case is strongly negative.

The final row of the table highlights the total welfare function according to the formu-
lations for the regulator’s objective function presented in section 4.2.2. As introduced in section
4.6.2, we use a reference value of 0.1064 for the marginal cost of public funds λ. It is possible
to see that, while the “equal price” policy represents an additional welfare of roughly 4 billion
Brazilian reais to consumers relative to the starting point in which no DG adoption was possible,
the current pricing policy implies in a deadweight cost of up to 12 billion Brazilian reais.

4.7.3 Optimal pricing policies

The next step is to determine how the regulator’s pricing policy could optimally be
determined if they could choose p0 and/or p1. Figure 35 illustrates how the variables “Total wel-
fare” and “Post-tax budget surplus” are described as a function of prices p0 and p1 respectively,
while maintaining the other price constant and equal to the “current” scenario (scenario 2 as
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depicted in table 10). Note that the optimal pricing policy from the regulator’s standpoint, is
either given by the maximum of the “Total welfare” function (under the interpretation of an
exogenous fixed parameter λ) or by the breakeven point in the post-tax surplus function (under
the interpretation of an endogenous λ determined based on a minimum budget requirement con-
straint). Figure 35 illustrates that, if p0 is equal to 318 R$/MWh, the fixed-λ welfare-maximizing
p0 is equal to 285 R$/MWh; while the fixed-budget welfare-maximizing p0 does not exist. The
budget-constrained problem yields an unfeasible result, seeing that in the entire range of possi-
ble values for p0 the post-tax surplus is negative (the regulator cannot possibly recover its fixed
costs, given the large number of consumers that will prefer to adopt the low-priced route 1).
In contrast, when maintaining the price p0 fixed at 795 R$/MWh, one finds that the fixed-λ
welfare-maximizing p1 is equal to 958 R$/MWh; while the fixed-budget welfare-maximizing p1
is equal to 1096 R$/Mwh. Note that the intuitions highlighted in section 4.7.1 prevail: seeing
that route 1 has a higher marginal cost, it tends to also yield higher prices at equilibrium.

Figure 35: Illustrative results of the total welfare and post-tax surplus as a function of p0 (top)
and p1 (bottom) while maintaining the other price constant according to current Brazilian pricing
policies

The welfare-maximization problem allowing the regulator to set both prices simultane-
ously under a fixed λ representation also yields virtually the same result as in the fixed-p0 case:
the optimal p0 when fully taking into account the interplay between the two routes is only 25
cents below the 795 R$/MWh benchmark, with the price p1 also decreasing slightly (to 957
R$/MWh) as a consequence. This result illustrates that the parameters of the Brazilian case
yield an optimal pricing strategy that is not too different from the classic Ramsey pricing strat-
egy: as explored in section 4.4.3, the magnitude of this difference is a function of the parameters
of the problem.
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In the fixed-budget case, however, there is a differentiated treatment because the marginal
tax rate conventionally applied to determine the distribution company’s post-tax budget does
not apply to the portion of p1 that is paid directly to suppliers of DG systems (corresponding to
c1 in this example). As a consequence, we find that maximum social welfare can be achieved by
setting p0 higher than p1: we find that the optimal prices in this case in R$/MWh are p0 = 967
and p1 = 748.

Table 11 illustrates the results of these two possible “optimal” choices of pricing strate-
gies, represented as scenario 4 (fixed λ) and scenario 5 (fixed budget) respectively); and compared
to scenario 3 which yielded the highest welfare out of the strategies highlighted in table 10. It’s
worth pointing out that the post-tax budget surplus in scenario 4 is slightly negative, indicat-
ing that the government would need to reduce the tax burden of the distribution company by
around 5% in order to maintain it financially solvent. In scenario 5, it’s worth noting that even
though the distribution company has a balanced post-tax budget, the government’s tax rev-
enues in absolute terms are lower, which is why the total social welfare in this scenario appears
to be smaller (table 10 depicts total social welfare calculated based on the exogenous fixed λ
parameter as addressed in section 4.6.2).

Table 11: Descriptive metrics of welfare for three different “fixed price” policies, obtained by
setting p0 and p1 to the given values

Variables \Scenarios Scen.3 Scen.4 Scen.5
p0 (R$/MWh) 795 795 967
p1 (R$/MWh) 795 957 748
Market share of route 1 (%) 50.0% 37.4% 67.2%
Unit consumption in route 0 (MWh/unit) 2.103 2.103 2.044
Unit consumption of route 1 (MWh/unit) 1.475 1.282 1.714
Welfare per unit of route 0 (R$/unit) 1410 1411 1053
Welfare per unit of route 1 (R$/unit) 1993 1930 1866
Payment per unit of route 0 (R$/unit) 1672 1671 1978
Payment per unit of route 1 (R$/unit) 1173 1227 1282
Distcos’ collected revenue (GR$) 74.6 84.9 71.8
Total budget surplus (GR$) 16.9 22.8 20.4
Post-tax budget surplus (GR$) -4.3 -1.3 0.0
Total social welfare (GR$) 125.5 126.0 123.0

It’s also worth highlighting that in both scenario 3 and scenario 4, the implied charge
p01 collected by the distribution company from DG adopters is higher than the reference charge
p̂01 estimated in section 4.6.3 based on alternative pricing policies that have been proposed for
distributed generation in Brazil – p̂01 with taxes was estimated to be equal to 265 R$/MWh,
whereas the corresponding charges are equal to 639 R$/MWh and 430 R$/MWh respectively.
This discrepancy is largely explained by the intuitive fact that the regulator’s pricing policy
should deter consumers from choosing the route with higher marginal cost. Yet another con-
tributing factor is the fact that the total demand serviced by the distribution company falls by
nearly 15% in each of the scenarios 3 and 4 compared to scenario 1, whereas the distribution
company’s fixed cost is unaffected. This is a consequence of the behavior addressed in section
4.5.1, and in scenario 5 in particular this implies that the contribution per MWh from each
consumer must be higher on average to ensure full recovery of the fixed costs.

It is also possible to describe the regulator’s optimal pricing strategy for p0 when p1
is taken as a given (for example, due to policy constraints for determining p1). Two possible
pricing strategies and their corresponding consequences are summarized in figure 36 and figure
37, which respectively correspond to the ”fixed budget” case and the “fixed λ” case. Note that
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the behavior of these two scenarios is quite different – in particular, whereas in the fixed λ
case the optimal choice of p0 is increasing with the price of p1, in the fixed budget case the
optimal price of p0 is decreasing with the price of p1 up to a value of p1 ≈ 1500 R$/MWh, and
it becomes a very smoothly increasing function of p1 beyond that point. The (pre-tax) budget
surplus also increases drastically with the price p1 in the fixed λ case, whereas the welfare per
unit faces a correspondingly substantial decrease. This contrasts with the fixed budget case,
where the budget surplus is by definition a multiple of the Distcos’ collected revenue in order
to ensure that their post-tax revenue is zero. Because the budget surplus does not increase as
much in the budget-constrained case, the welfare per individual also does not fall as sharply
even for high values of p1 (which is also in line with the relatively flat value of p0 in that
range). Note furthermore that the budget-constrained result becomes unfeasible for p1 below
approximately 677 R$/MWh, as increasing p0 can no longer reliably increase the distribution
company’s revenues due to more consumers switching to supply route 1 in response.

Figure 36: Optimal choice of p0 for a given fixed choice of p1 and simplified corresponding welfare
outcomes assuming a fixed budget representation

In case the pricing policies highlighted in ANEEL 2018 and ANEEL 2019 were to be
implemented in Brazil, a first approximation for the implementation of the so-called “Alternative
5” would be the representation of a charge p01 equal to 265 R$/MWh to be levied on top of the
marginal cost c1 equal to 318 R$/MWh – for a total price p1 equal to 583 R$/MWh (as discussed
in section 4.6.3. Even though this price point is certainly a lot less generous than the current
pricing rule as explored in section 4.7.2, note that even at that higher price point there is no
possible choice of p0 that could lead to distribution companies to maintain a balanced budget
under the current Brazilian taxation policy. The optimal policy
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Figure 37: Optimal choice of p0 for a given fixed choice of p1 and simplified corresponding welfare
outcomes assuming a fixed λ representation

4.8 Conclusion

The present paper presents a novel contribution to the theory of regulation that intro-
duces an adjustment to the classical Ramsey pricing result for a benevolent regulator’s optimal
pricing policy. This adjustment applies in the case where consumers face a binary choice be-
tween two possible supply routes, seeing that the interplay between the two routes and the non-
differentiability of consumer preferences (as they cannot opt for a portfolio of the two available
products) yields an interaction term that must be properly treated. This particular contribution
of the present paper is very general in nature, and it can be applied to a wide range of markets
where consumers can be modeled as making such a discrete-continuous choice.

Another contribution of the present paper has been the discussion of a case study applied
to the Brazilian residential electricity market, where the accelerating adoption of distributed
generation (and the current pricing policy for this supply route) has been a cause of concern for
policymakers. We adopt a stylized representation for this market – it’s worth highlighting that,
even though Brazilian authorities have much more detailed models for representing the physical
consequences of adoption, to the best of the authors’ knowledge there is very little literature that
looks at this phenomenon from an economic standpoint and evaluates welfare consequences.

Even though the quantitative results of this case study can certainly be refined, perhaps
its most important takeaway is the qualitative result that refers to the importance of incentives
and anticipating consumers’ response in order to construct a pricing policy encompassing both
the conventional electricity tariff charged per unit of grid-supplied electricity p0 and the total
price perceived by the consumer p1 per unit of electricity supplied by a self-owned independent
distributed generation system. The case study evaluated yielded some striking result, such as
the fact that the current Brazilian pricing policy has no possible equilibrium where the distri-

96



bution company is able to recover their fixed cost – a so-called “death spiral” scenario that is
in line with results seen in Cavalcanti de Jesus 2019 and Cunha 2021a. It is possible that this
catastrophic scenario may not materialize – for example, in case the distribution of types in
Brazil is more skewed towards having a preference for conventional electricity supply, or with
the explicit representation of consumer heterogeneity in terms of their unit demand and the
interplay between this variable and the “minimum access charge” (as described in section 4.6.1).
Nonetheless, the possibility that such a scenario is even possible should raise concerns among
policymakers with regards to the need to revise the current tariff policy for the two available
routes and its impact on consumers’ underlying incentives.
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5 Conclusion

The present work has presented a number of economic exercises centered around the
topic of distributed generation in Brazil. The emergence of distributed generation as a viable
supply option for consumers is a relatively recent worldwide phenomenon, as small-scale gen-
erating systems have only started to approach economic attractiveness over the past 15 years
or so. As a consequence, there are many areas of research that remain to be explored. This
topic is also of significant timely interest, as Brazil is discussing in 2021 a new bill that would
change incentives for distributed generation adopters. This important decision point ought to be
well supported by high-quality research, and the present thesis has been able to provide useful
methodological improvements relative to the state of the art methodology applied by Brazil-
ian system planners for forecasting distributed generation adoption as depicted in EPE 2019.
In particular, we highlight the explicit incorporation of the potential market as a function of
time (as the economic attractiveness has been increasing over the years) and the apparently ro-
bust finding that the imitation coefficient may be significantly greater than what was originally
assumed.

On a global level, this work provides a useful validation of analyses such as the ones
carried out by Groote and Verboven 2019 for the Belgian market, corroborating that similar
fundamental models can be applied to markets with different characteristics – even developing
countries of continental proportions as it is the case of Brazil. Furthermore, the present thesis also
provides a contribution for bridging the gap between purely fundamentalist economic approaches
and more “practical” empirical methodologies centered around the friction-based innovation
models. By highlighting the relationship between the parameters of the Bass diffusion model
and the time fixed effects in more classical panel data, we suggest that both approaches may
fundamentally agree on several topics.

A closer collaboration between economists and system planners is highly desirable for
future developments in this area. The interplay between the incentive structures implied by
the country’s net metering policy and consumers’ behaviour is a key component of any serious
forecasting and analysis efforts, and the discipline of economics is well suited to providing insights
on this matter. In the context of electricity sector planning, it is important to foresee what kind of
grid reinforcements will be needed in order to accommodate the hourly, seasonal and geographic
profile of new rooftop solar installations; and the highly granular results presented in the present
work can be an important input for further investigations. A natural extension of the present
thesis in terms of future work, for example, would be to incorporate in-depth electricity network
data in order to contrast the location of the distributed generation hubs with the current demand
hubs, large-scale generators, and available transmission and distribution assets.

Another key contribution of the present thesis are the policy recommendations concern-
ing the Brazilian distributed generation policy and other similar initiatives. It is intuitive that,
if consumers supplied with conventional electricity must contribute to remunerate the distribu-
tion company’s fixed costs of providing infrastructure, but consumers self-supplied with rooftop
solar systems do not have such obligations, one can expect an excessive number of consumers
to adopt the solar self-supply route (as it is effectively subsidized). We demonstrate that the
optimal tariff policy from the regulator’s point of view would be to require side payments from
the distributed generation adopter to the distribution company, thus yielding much more com-
parable effective prices perceived by the consumers for the two available supply routes. We also
assess the negative consequences of not enacting a policy change in several ways: even though in
the long term the net effect of this policy can be summarized by its deadweight cost (of roughly
12 billion Brazilian reais), there are other consequences worth mentioning.

In particular, this thesis has highlighted the fact that, even if the pricing policy is revised
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later, there is an additional irrecoverable deadweight cost due to some of the adopters having
a lower-than-average preference for the distributed generation alternative (and were motivated
by the susbisized prices). In addition, the current tariff-setting policy used for the distribution
company’s regulated consumers was shown to be unsustainable (what has been called the “death
spiral” effect), as there is no equilibrium price level that allows the distribution company to
recover their fixed costs. Finally, we have also demonstrated the social regressiveness of this
energy policy, as the benefits of distributed generation captured by the adopters are concentrated
on high-income households.
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6 Annex 1: Existence of the optimal price

It’s worth noting that, both in the case analyzed by the present paper and the classic
Ramsey pricing case, the existence of an optimal price that satisfies the welfare maximization
condition depends on the characteristics of consumer preferences. In particular, it is possible
to note that, if γ is smaller than one, then for sufficiently large λ the Ramsey pricing equality
(introduced in (29)) will imply that p−C′(Q)

p > 1. This inequality, however, clearly cannot be
satisfied for any finite p if C ′(Q) is bounded. Thus, we seek to find conditions for the existence
of optimal equilibrium prices under certain sufficient conditions.

In practice, it is very challenging to demonstrate sufficient conditions for the existence
of optimal prices (p0,p1) in the general case (before making any constraints on the shape of the
functions C, F , and vr). Therefore, we will establish sufficient conditions for existence only for
the particular isoelastic demand case, explored in section 4.5.1. Nonetheless, in this Annex we
explore an important first step for establishing existence, which is related to the exploration
of “Ramsey pricing” solutions for the two goods individually without taking into account the
interaction term in R. These solutions, which we will denote as the pair (p̃00, p̃01)(δ̂), correspond to
the solutions of equation (62) for r ∈ {0,1}. This equation is identical to the first-order conditions
shown in equation 40 when setting R = 0. Note that, because γ̂r depends on integrating over
the set of adopting consumers Ar, the Ramsey prices p̂r must be defined as a function of the
threshold δ̂, which simultaneously determines A0 and A1. As explored in Annex 1, we will use
the following sufficient conditions to guarantee the existence of the pair of Ramsey prices p̂0r .

p̃0r − ∂C
∂Qr

(
δ̂,p̃0r ,p̃0−r

)
p̃0r

=
1

γ̂r(δ̂, p̃0r)
·
[

λ

1 + λ

]
(62)

1. Continuity: Qr(pr, δ̂) and C(Q0,Q1) are both continuous and differentiable.

2. Convex cost function: The marginal costs ∂C
∂Qr

are assumed to be nondecreasing. Note
that, while not strictly necessary for the Ramsey pricing case (as explored in Annex 1),
convexity ensures that only one price p will satisfy the equality.

3. Minimal elasticity: The following lower bound must be verified for any δ̂ ∈ R, as either p0

or p1 goes to infinity – lim
pr→∞ | pr

Qr(pr,δ̂)
∂Qr(pr,δ̂)

∂pr
| ≥ λ

1+λ

It’s worth noting that a common assumption in the literature (seen, for example, in
Laffont, Rey, and Tirole 1998) in lieu of condition 3 above is to impose that the elasticity is
greater than one. This stricter condition can ensure that a solution will always exist regardless of
the shadow cost of public funds λ. For electricity consumption applications, however, it becomes
important to consider the possibility of lower elasticity in order to more accurately represent
behavior in these markets as evidenced by the econometric literature. Furthermore, this stricter
version of condition 3 would not be very helpful as the interaction between the two goods can
result in a solution not existing even if the elasticity is greater than one.

Indeed, as opposed to the representation in equation (62), the equation 40 that governs
the optimal solution (p0,p1) includes an additive interaction term in R. Intuitively, this inter-
action term can drive the “lower bound” represented by condition 3 upwards, such that some
low-elasticity options that are not ruled out by the Ramsey pricing case will nonetheless have
no solution in a two-goods environment. Intuitively, because of the way how these equations
are structured and knowing that φ0 and φ1 are both greater than zero, at equilibrium (except
in the special case where R = 0 at the optimal prices p0,p1) one of the two routes will need
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to be priced higher than the “Ramsey” price. This implies that conditions 1 through 3 are not
sufficient conditions, and rather that additional requirements need to be introduced. Condition 4
below describes in a general sense an additional condition, similar to condition 3 in its structure,
and which would indeed yield sufficient conditions for the existence of a solution.

4. Modified minimal elasticity: For any δ̂ ∈ R and for r ∈ {0,1}, one must have:
lim

pr→∞ | pr

Qr(pr,δ̂)
∂Qr(pr,δ̂)

∂pr
| ≥ λ

1+λ + R̃r(δ̂)

However, condition 4 relies on establishing an upper bound to the effect of the interaction
term, which is difficult to ensure in the general case. It’s also worth noting that yet another
potential challenge is that conditions 3 and 4 as written above are required to be met for all
possible values of δ̂, even though in practice it would be sufficient for these conditions to be met
only for the thresholds that is actually attained at equilibrium. Thus, it proves to be much more
effective to address conditions for existence of an equilibrium by exploiting certain features of a
special case.

Note that, because we have assumed that the cost function is convex (following condition

2 presented earlier), it is possible to conclude that
pr− ∂C

∂Qr
pr

is an increasing function in pr. In
turn, this implies that, at equilibrium, R > 0 if and only if p0 > p̃0 and p1 > p̃1. This also
suggests that always exactly one route will have a price higher than p̃r, with the other route
having a lower price than this benchmark (except in the particular case where pr = p̃r is the
optimal solution).

Unfortunately, it is not possible to go much further without making additional assump-
tions regarding the shape of the underlying functions, and thus in order to meaningfully establish
sufficient conditions for existence, we will constrain ourselves to a particular case in subsequent
sections. It’s worthwhile to note that, in addition to the challenge of finding R̃r that can truly
operate as an upper bound, conditions 3 and 4 as depicted above are required to be met for
all possible values of δ̂, even though in practice it would be sufficient for these conditions to be
met only for the thresholds that is actually attained at equilibrium. Thus, by exploiting certain
features of a special case, it may be possible to further restrict the statement of these sufficient
conditions for existence.

7 Annex 2: Proofs of propositions and theorems

7.1 Proof of Theorem 1

A consumer of type δ will choose to adopt route 1 instead of route 0 if and only if the
condition represented in equation (63) holds, introducing the auxiliary representation of agents’
“propensity to adopt” Δv.

Δv(p0, p1, δ) = v1(p1,δ) − v0(p0,δ) > 0 (63)

The theorem’s key assumption on the relationship between the utility functions and
types can be rearranged into a condition on the derivative of Δv, as shown in equation 64.

∀p0,p1,δ,
∂

∂δ
v1(p1,δ) − ∂

∂δ
v0(p0,δ) > 0 ⇔ ∂

∂δ
Δv (p0, p1, δ) > 0 (64)

This implies that consumers’ propensity to adopt Δv is strictly increasing in δ, which
yields three possible cases for any particular choice of fixed (p0,p1):
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• Δv (p0, p1, δ) is always positive for all δ

• Δv (p0, p1, δ) is always negative for all δ

• There exists some (δ,δ̄) such that Δv (p0, p1, δ) is negative and Δv
(
p0, p1, δ̄

)
is positive

It is immediately evident that the first two cases above correspond to the first two cases
highlighted in theorem 1, as they respectively imply from the condition shown in equation 64
that route 1 is strictly preferred for all types and that route 0 is strictly preferred for all types.

In the third case, the monotonicity condition ensures that δ < δ̄, and the intermediate
value theorem ensures that there is some δ̂ ∈

[
δ, δ̄

]
such that Δv (p0, p1, δ) = 0. Because Δv is

strictly increasing, δ̂ must be unique, with Δv (p0, p1, δ) > 0 for all δ > δ̂ and Δv (p0, p1, δ) < 0
for all δ < δ̂. The preference sets Ar(p0,p1) follow immediately from these properties.

In order to demonstrate the expression for the dependency between δ̂ and pr, we start
from the equality condition from equation (65) that must be verified for all values of the pair
(p0,p1), in accordance with the definition of δ̂.

v1(p1,δ̂) = v0(p0,δ̂) (65)

Taking full derivatives with respect to pr in both sides (noting that δ̂ is also a function
of pr) and rearranging the equation yields the expression in 66, which can be used to describe
how the threshold δ̂ is affected by the price pr.

∂δ̂

∂pr
=

∂vr(pr,δ̂)
∂pr

∂v−r(p−r,δ̂)
∂δ − ∂vr(pr,δ̂)

∂δ

(66)

This expression can be simplified further using the property ∂vr(pr,δ̂)
∂δ = −qr from Roy’s

identity, which yields the representation depicted in theorem 1.

Finally, we wish to demonstrate a similar condition to the property presented in equa-
tion 64 but represented in terms of the direct utility function rather than the indirect utility
function. Indirect utility by the consumer’s optimization problem as shown in equation 67, al-
ready incorporating into the expression below the assumption that the present paper deals with
quasilinear utility.

v(pr, δ) = max
qr

u(qr,δ) − pr · qr (67)

By the envelope theorem, note that it is possible to take the derivative of v with respect
to consumer types δ, which as shown in equation 68 is simply equal to the dependency of the
direct utility function with respect to δ. This implies that it is possible to use an alternative
specification of the condition from theorem 1, which is based on the value of the direct utility u
for all values of q rather than the indirect utility v for all values of p.

∂

∂δ
v(pr, δ) =

∂

∂δ
u(q∗

r (pr),δ) (68)

∀p0,p1, δ
∂

∂δ
(v1(p1,δ) − v0(p0,δ)) > 0 ⇐⇒

∀q0,q1, δ
∂

∂δ
(u1(q1,δ) − u0(q0,δ)) > 0

(69)
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7.2 Proof of Proposition 1

The derivative of the welfare equation depicted in equation (36) can be written in the
form shown in equation (70) by direct derivation:

∂W

∂pr
=

∂V0
∂pr

+
∂V1
∂pr

+ (1 + λ)Qr + (1 + λ)
[(

p0 − ∂C

∂Q0

)
∂Q0
∂pr

+
(

p1 − ∂C

∂Q1

)
∂Q1
∂pr

]
(70)

Using the representation depicted in equation (41) for the derivatives of V and using the
fact that v0(p0,δ̂) = v1(p1,δ̂) by definition, some terms cancel out, allowing for a representation
as depicted in equation 71. Note furthermore that Roy’s identity in the quasilinear utility case
(or, equivalently, applying the envelope theorem to the expression of vr) implies that ∂vr

∂pr
= −qr,

which yields the identity represented by the second equality in equation 71.

∂V0
∂pr

+
∂V1
∂pr

=
∫

Ar(p0,p1)

∂vr

∂pr
(pr,δ)dF (δ) = −Qr(pr,δ̂) (71)

It is similarly possible to substitute the representation from (41) into the expression
depicted in equation 72. The expression from (39) can be substituted into the right-hand side
of equation 72.

[(
p(−r) − ∂C

∂Q(−r)

)
∂Q(−r)
∂p(−r)

+
(

pr − ∂C

∂Qr

)
∂Qr

∂pr

]
=

[(
p(−r) − ∂C

∂Q(−r)

)
q(−r)(p(−r), δ̂) −

(
pr − ∂C

∂Qr

)
qr(pr, δ̂)

]
· ∂F (δ̂)

∂δ
· ∂δ̂

∂pr
+

(
pr − ∂C

∂Qr

) ∫
Ar(p0,p1)

∂qr

∂pr
(pr,δ)dF (δ)

(72)

Substituting equations (71) and (72) into equation (70) and also substituting the pa-
rameters γ̂r and Rr as defined in section 4.4.2 (respectively equations (42) and (45)), we obtain
the expression in equation (73).

∂W

∂pr
= ((1 + λ) − 1)Qr+

(1 + λ) · Rr · ∂F (δ̂)
∂δ

· qr(pr, δ̂)
∂v1(p1,δ̂)

∂δ − ∂v0(p0,δ̂)
∂δ

+

(1 + λ)
pr − ∂C

∂Qr

pr
· Qr · γ̂r

(73)

Dividing the equation by (1 + λ)Qr and substituing the definition of φr according to
equation (43), we obtain an expression that can easily be made equal to zero (first-order condition
for welfare maximization) and rearranged to yield the expression depicted in proposition 1.

1
(1 + λ)Qr

∂W

∂pr
=

λ

1 + λ
+

φr

∂v1(p1,δ̂)
∂δ − ∂v0(p0,δ̂)

∂δ

· Rr +
pr − ∂C

∂Qr

pr
· γ̂r = 0 (74)
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