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Abstract

The residential solar photovoltaics (PV) market in Australia has expanded

rapidly in recent years due to a combination of falling costs and government

incentives. In light of the recent debate on the effectiveness of such policies,

this thesis uses a dynamic discrete choice model to empirically evaluate the

impact of capacity-based subsidies and feed-in tariffs on small-scale solar PV

adoptions in 244 postcodes in NSW from 2001 to 2013. I find that around 56%

to 81% of solar PV installations can be attributed to the effect of government

policies during this time period. I also find subsidies to be a more cost-effective

policy for CO2 emissions reduction, with the cost per tonne of CO2 abatement

being within the range of $81 - $124 for subsidies and $117 - $236 for feed-in

tariffs. Assuming a social cost of carbon of $85, the feed-in tariff does not

pass the cost-benefit test, although the same cannot be conclusively said for

the capacity-based subsidy.
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1 Introduction

When a young scientist by the name of Edmond Becquerel created the first photo-

voltaic cell in 1839 while experimenting in his father’s laboratory, he may not have

expected that this discovery would garner much interest almost 200 years later (Per-

lin 2000, p. 19). And yet, as governments around the world continue to search for a

means of slowing the process of global warming, while also accommodating rising en-

ergy use by an ever increasing population, Becquerel’s now famous experiment offers

a potential solution to the problem. His discovery contributed to the development

of solar photovoltaics (PV), a type of renewable energy technology that converts the

energy from sunlight into electrical energy. The technology has enjoyed increasing

popularity around the world, particularly in Australia. It is perhaps unsurprising

that a country such as Australia, endowed as it is with abundant solar resources, has

experienced a rapid expansion in the solar PV market during the last decade. This

expansion has been almost exclusively dominated by the growth of residential solar

PV, as more and more households choose to install solar PV systems in order to

offset some, or all, of the electricity they would otherwise purchase from electricity

retailers. The following statistic illustrates the extent of this growth: before 2001,

fewer than 3,500 solar PV systems had been installed across Australia; by the end

of 2013, this figure had reached nearly 1.25 million.

The rapid uptake of residential solar PV can be largely attributed to two factors;

first the dramatic fall in the real cost of solar PV systems, and second, the significant

amount of government spending on incentive programs. From 2001 to 2013, solar

PV system prices have fallen by approximately 82%. In that time, the government

implemented multiple renewable energy and solar PV support schemes. In 2001, the

federal government introduced the Mandatory Renewable Energy Target, which ini-

tially required that 2% of Australia’s electricity would be produced from renewable

energy sources by 2020.1 Although it was introduced with the aim of encouraging

1In 2009, the target was increased to 20%.
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large-scale renewable energy power stations, it was residential solar PV that was

most responsive to these incentives. Coupled with state governments’ feed-in tar-

iffs2, the incentives led to a rapid proliferation in domestic solar PV adoptions. In

fact, the feed-in tariff scheme’s popularity was such that in some cases, the scheme

had to be dismantled within months of their introduction, after costs escalated

rapidly (Newton and Newman 2013). Overall these incentives have not been trivial;

over $8 billion in subsidies were spent on residential solar PV incentives from 2010

to 2012, whilst a record 899,014 PV systems were installed across Australia during

these three years (Mountain 2014). The statistics suggest that government support

has certainly contributed, at least in part, to the increased adoption of small-scale

solar PV systems. However, the extent to which this rapid uptake can be attributed

to declining system costs or subsidy programs has significant policy implications.

This thesis empirically evaluates whether policies have been effective in encour-

aging the adoption of residential solar PV in New South Wales (NSW). A dynamic

discrete choice model is used to estimate consumer demand for residential solar PV

systems, following the approach of Burr (2014). I use monthly data on solar PV

installations by postcode to recover the household’s utility function using Rust’s

(1987) nested fixed-point maximum likelihood algorithm. The model is used to

compare and evaluate the effect of subsidies and feed-in tariffs on consumer demand

for solar PV systems. The central contribution of this thesis is to use Australian

data, and extend Burr’s model to include an explicit analysis of feed-in tariffs, a

renewable energy support policy that is used by governments around the world.

In the following analysis I assume the primary aim of such policies is to encourage

the deployment of solar PV in order to reduce Australia’s greenhouse gas emissions.

Therefore, in order to conduct meaningful comparisons of alternative incentives, I

calculate the cost per tonne of carbon dioxide (CO2) abatement associated with each

2Feed-in tariffs offer a premium price for the production of electricity from renewable sources.
They are explained in more detail in section 3.
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policy. Thus, the policy evaluation criteria is twofold; whether the policy passes a

cost-benefit test, and which policy is the more cost-effective method of CO2 abate-

ment.

The question of whether these policies have been cost-effective is particularly rel-

evant in the context of the current debate regarding government support of the

renewable energy industry in Australia. Utility companies and business groups have

exerted pressure on the government to wind back support for what they regard as

‘heavily subsidised’ residential solar PV (Parkinson 2013). In other words, there is

an argument for removing subsidies if the costs of the policies outweigh any benefits

associated with reducing greenhouse gas emissions. The effectiveness of these poli-

cies is also questionable as high rates of adoption have continued even after much of

the support mechanisms have been wound back, most likely due to falling solar PV

system prices. Overall, the contribution of subsidy programs remains uncertain.

On the other hand, government intervention in the form of regulatory or financial

incentives may play a critical role in encouraging household adoption of environ-

mentally friendly (‘green’) technologies. The potential contribution of households

to CO2 abatement is nontrivial, as illustrated by the fact that Australian households

contributed to nearly two-thirds of total national investment in renewables in 2013

(Parkinson, 2014). Solar PV systems embody the classic externality problem; the

benefits of a household using solar energy (and therefore abating CO2 emissions)

are enjoyed by all, and yet the costs are borne by the household alone. The latter

is particularly problematic, since large upfront costs have been a feature of the res-

idential solar PV market in Australia, and thus constitutes a significant barrier to

adoption. There is an economic rationale for government intervention if it is working

to correct a market failure; in this case, a possible gap between private and social

benefit (Stern 2007, p. 399).
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Understanding the effect of incentives on solar PV installations in NSW is use-

ful as it may have significant policy implications. Governments worldwide have

implemented incentives to assist the solar PV industry, yet there is little consensus

on the efficacy of such programs, or which type of incentives are more cost-effective.

A number of policy instruments are available to governments seeking to assist the

deployment of solar technologies. Federal and state-level incentives, including reg-

ulatory mechanisms, have been credited with rapid market growth of solar energy

in the US, while the spread of solar PV in Spain and Germany has been attributed

to feed-in tariff schemes (Timilsina et al. 2012, p. 461). An insight into the way

consumers respond to each type of incentive will contribute to the implementation

of more effective policies and thereby increase cost efficiency.

Using Burr’s (2014) dynamic discrete choice model, I estimate the effect of four

state variables - solar PV system prices, electricity revenue, capacity-based subsi-

dies and feed-in tariffs - on a household’s choice of whether to install a solar PV

system.3 The household makes this choice in each time period by solving an opti-

mal stopping problem, with the assumption that households have perfect foresight

in relation to the value of each variable in all future periods. I use monthly data for

each state variable and installations for 244 postcodes in NSW, beginning April 2001

and ending April 2013. After estimating the structural parameters of this model, I

use the estimates to conduct counterfactual analyses of predicted solar PV adoption

rates in the absence of government incentives, and find that adoptions are around

56% to 81% lower. Lastly, I find the cost of CO2 abatement to be in the range of

$81 - $124 per tonne for subsidies and $117 - $236 per tonne for feed-in tariffs, and

therefore conclude that capacity-based subsidies are the more cost-effective policy.

Using the $85 estimate of the social cost of carbon from the Stern Review of the

Economics of Climate Change (2007, p. 322), subsidies may be considered as passing

the cost-benefit test, but feed-in tariffs do not.

3Feed-in tariffs are also a type of subsidy; a production-based subsidy. However, throughout
this paper the term ‘subsidy’ refers only to capacity-based subsidies.
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2 Literature Review

Analysis of the effectiveness of environmental policy is a growing subsection of envi-

ronmental and public economics, although there are few studies that have attempted

an empirical evaluation of government incentives in encouraging the adoption of solar

PV systems by households. This section presents a brief summary of the literature

and includes a review of the use and estimation of dynamic structural models, the

methodology used in this thesis.

2.1 Renewable energy policy

There are a wide variety of policies to encourage the deployment of renewable en-

ergy. However, comparison of these government deployment incentives undertaken

by various studies offers conflicting results as to which policies might be more effec-

tive. Stern (2007, p. 416) succinctly sums up the delicate balance in implementing

renewable energy support mechanisms in his review; “too low [and] no deployment

will occur ... too high [and] large volumes of deployment will occur with financial

rewards for participants which are essentially government created rents.” He goes

on to suggest that price-based support, such as feed-in tariffs, achieve a larger de-

ployment with lower costs. Other studies have come to similar conclusions. Butler

and Neuhoff (2008) compare the support policies used for wind energy in the UK

and Germany by conducting a simple comparison between the price paid for energy

in each country adjusted for the resource base, and subsequent deployment levels.

They offer the tentative finding that the cost to society of feed-in tariffs are lower

than other types of market-based support schemes, although noting that the cost

depends on many other factors. Fouquet et al (2005) also argue in favour of feed-in

tariffs, stating that these type of minimum price systems have been most successful

in increasing the share of energy produced from renewable sources.
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2.2 Evaluating solar PV policies

Over the last few years there has been an emerging literature on the impact of

subsidies on the solar PV industry in particular. Most recently, Burr (2014) has

developed a dynamic structural model in order to uncover the consumer’s utility

function for residential solar power systems in California, and ascertain the respon-

siveness of household adoptions to different types of incentives, system costs and

production revenue (which stems from being able to avoid purchasing electricity).

Burr finds that without subsidies, adoptions would have been approximately 40% to

60% lower. The model is used to compare both capacity-based subsidies with feed-in

tariffs, with the author concluding that the former are more effective. However, Burr

makes the assumption that the effect of feed-in tariffs on consumers are equivalent to

the effect of production revenue, and therefore does not include feed-in tariff revenue

as a variable in the model. This thesis will apply Burr’s structural methodology to

analyse whether similar policies are equally effective in NSW, extending the model

to explicitly evaluate the effect of feed-in tariffs, and determine whether they have

an effect on consumer utility over and above the effect of avoiding future electricity

costs.

Hughes and Podolefsky (2013) also study the California Solar Initiative, and find

that subsidies have a large effect on adoption. Specifically, a $0.10 per watt increase

in the average rebate level leads to an 11-15% increase in the number of installations

per day on average. However, they go on to argue that it has been achieved at a

considerable social cost. A simple calculation based on private surplus from the de-

mand curve, net of the subsidy payments, implies a deadweight loss as large as $169

million. The average abatement cost per tonne of CO2 is found to be approximately

$69. These results are slightly lower than in Burr (2014), who calculates an abate-

ment cost of at least $87 per tonne. However, the question of whether this is a net

loss in social surplus arguably depends on the marginal benefit of CO2 abatement, a

figure that is notoriously controversial. Burr (p. 26, 2014) highlights this difficulty
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when she lists the variation in the estimates of marginal benefit as ranging from $5

to $3, 000.

In attempting to identify causal effects of policy on technology diffusion, it is worth

considering other factors that may also encourage adoptions. Several papers attempt

to uncover factors that may affect the take-up of solar PV systems. For example,

Bollinger and Gillingham (2012) consider peer effects; the extent to which the instal-

lation of highly visible solar panels by nearby households leads to the acceleration

of adoption rates due to some type of ‘social contagion’. They do find evidence of

a strong peer effect in California, whereby an additional installation in a zip code

increases the probability of adoption in that zip code by 0.78%. They postulate that

both word-of-mouth information transfer and social image motivations are likely to

underlie these peer effects. Sexton and Sexton (2014) confirm the importance of

visibility of environmental behaviour after calculating a mean willingness to pay of

$430 - $4,200 for the green signal provided by a Toyota Prius in the US. They name

this the ‘conspicuous conservation’ effect, and estimate that it has a statistically

and economically significant effect on the vehicle purchase decision. Although this

peer effect is likely to be a contributing factor in this analysis, since the average

proportion of solar adopters in a postcode is less than 0.08%, like Burr (p. 4, 2014),

I do not account explicitly for this effect in this model.

Zahran et al. (2008) attempt to explain the geographical distribution of household

solar energy use in the United States at the county level, and find that environment,

economic and sociopolitical factors are all significant variables. Predictably, solar

irradiation levels were found to be particularly important, although having a nearby

solar technology provider was not. There is some evidence of a class effect, with

the number of solar households in a county being a positive function of wealth and

urbanisation. Moreover, the number of solar energy users increase significantly with

the percentage of residents who vote for the Democratic Party. The authors con-
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clude that targeting policy on the counties with the most favourable characteristics

for solar energy adoption would increase efficiency.

2.3 Incentives and green technology

A related strand of literature consists of the studies that investigate impact of in-

centives on the adoption of other environmentally friendly, or ‘green’, technologies.

Chandra, Gulati and Kandlikar (2010) analyse the cost-effectiveness of tax rebates to

promote the sales of hybrid electric vehicles in Canada. They find that the program

subsidised those who would still have purchased hybrid vehicles in the absence of the

rebate. The average CO2 abatement cost is calculated to be $195 per tonne. They

argue that the number of vehicle sales in Canada are too low to justify rebates to

accelerate technology diffusion and economies of scale, and conclude that the struc-

ture of tax incentives in Canada are an inappropriate policy option to encourage

the adoption of fuel efficient cars. These findings demonstrate that the effective-

ness of policy structure is very much dependent on the market characteristics of

individual countries or regions, which provides motivation for a separate analysis of

solar incentives using Australian data. Gallagher and Muelegger (2011) also look at

the effect of tax incentives on hybrid vehicle adoption in the United States. They

show that both the amount and type of incentive affects vehicle sales, and also find

evidence that demand for fuel-efficiency increases with gasoline prices. The latter

finding might have an analogous implication for this study; that the demand for

solar PV systems may increase with electricity prices.

A subsection of this literature considers the relationship between political affiliation

and pro-environmental behaviour. Similar to the findings of Zahran et al (2008),

Kahn (2007) finds that zip codes with a higher share of Green party voters are more

likely to make ‘greener’ transport choices. Gallagher and Muelegger (p. 13, 2011)

also test whether the adoption of hybrid vehicles is based on ideology, rather than

economic motivations. They show that residents of states that have greater envi-
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ronmental preferences (based on membership of a large environmental organisation)

display a higher preference for green vehicles, over and above fuel efficiency benefits.

On the other hand, it became clear that the relationship between political alignment

and solar PV adoption is not so easily predicted in Australia, following an analysis

of Australian solar electorates by Sunwiz. Somewhat surprisingly, the electorate of

the only Greens party federal MP had one of the lowest levels of adoption in Aus-

tralia (Parkinson 2012). However this was an inner city suburb of Melbourne; inner

city electorates tend to have lower residential take-up rates simply by way of having

a higher number of businesses and apartment blocks. This illustrates the complex

interplay of factors that affect the responsiveness of consumers to solar policy in

different regions of Australia.

2.4 Dynamic Discrete Choice Models

Structural models offer a means of formally modelling the dynamic process of dis-

crete choices, and thereby understanding the decision making process underlying

individuals’ choices (Arcidiacono and Ellickson 2011). Most importantly, structural

models are useful for policy evaluation as they can predict how individuals will re-

spond to counterfactual policies. Such models have been used extensively in the

past to analyse significant economic questions in the fields of labour, education, in-

dustrial organisation, finance and more recently, environmental economics. Seminal

papers in the area include the following: Miller (1984) uses a structural model to

analyse occupational choice, Wolpin (1984) develops a dynamic model of life cy-

cle fertility, Pakes (1986) uses an optimal stopping model to study patent renewal,

and Rust (1987) considers a model of bus engine replacement. These papers use

a Bellman (1957) representation of the dynamic programming problem, where the

choice specific payoffs involve a current utility component and a future utility com-

ponent that depends on the agent’s future choices (Arcidiacono and Ellickson 2011).

Over the years, there has been a number of different methods developed to esti-
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mate the parameters describing agents’ preferences, based on observed data. Rust

(1987) derives a nested fixed-point maximum likelihood algorithm, which he applies

to Harold Zurcher’s bus engine replacement problem. It involves algorithms in which

a dynamic programming problem is ‘nested’ in the maximisation of the likelihood

function. This method overcomes the difficulty of not knowing the functional form

of the dynamic programming problem or the associated likelihood function in ad-

vance. It also allows for the possibility that some state variables are unobserved

by the econometrician. There is a significant computational burden for this type

of method, however, since a full solution must be found for the dynamic program-

ming problem. This has led to the development of more computationally tractable

methods of parameter estimation, such as conditional choice probability estimators

(Hotz and Miller 1993). However, these are not as efficient as full solution methods,

and are less useful for predicting the effect of counterfactual policies, which typically

require solving the dynamic programming problem (Arcidiacono and Ellickson 2011,

p. 391). For this reason, I choose to use Rust’s solution method in this thesis.

Angrist and Pischke (2010, p. 22) criticise the structural estimation approach,

arguing that the estimates do not line up well with estimates produced by meth-

ods relying on randomisation or regression discontinuity, and highlighting what they

perceive to be a lack of transparency in the structural estimation technique with few

robustness checks. Whilst acknowledging the complexity of the structural model,

Arcidiacono and Ellickson (2011, p. 365) contend that they have a strong link to

the data, which makes it easy to see the variation that is driving the results. Other

advantages of these models is the close link between the underlying theoretical frame-

work and the econometric model, and the transparent interpretation of structural

parameters (Aguirregabiria and Mira 2010). Most importantly for my purposes,

however, is their usefulness for conducting counterfactual policy simulations. I ap-

ply a dynamic structural model to the data to uncover whether consumers respond

differently to alternative policy incentives, and conduct counterfactual analyses.
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3 Policy background

Australian federal and state governments have implemented a number of policies in

an attempt to encourage the deployment of solar PV technology. This section will

review the relevant policies that have applied to consumers of residential solar PV

systems in NSW since 2000.

3.1 Renewable Energy Target

The Renewable Energy Target (RET) scheme began with the introduction of the

Mandatory Renewable Energy Target on 1 April 2001. The RET is a type of regula-

tory support scheme that has been widely used by governments around the world to

encourage the deployment of various renewable energy technologies. To ensure that

20% of Australia’s electricity comes from renewable sources by 2020, the scheme

requires RET-liable entities (such as electricity retailers) to purchase and surrender

a certain number of Renewable Energy Certificates to the Clean Energy Regulator.

These certificates are created through the generation of electricity from renewable

sources.

Since January 2011, the RET scheme has been separated into the Large Scale Re-

newable Energy Target and the Small Scale Renewable Energy Scheme.4 The latter

provides a financial incentive for the installation of small-scale renewable energy

systems by legislating demand for small-scale technology certificates. Small-scale

technology certificates are a type of renewable energy certificate. They are created

for the solar PV system at the time of installation. The number of certificates cre-

ated depends on the amount of electricity the system is expected to produce over

its lifetime. Installers of solar PV systems tend to offer an upfront discount on the

cost of a system in order to purchase the certificates from the household, which can

then be used to offset some of the renewable energy certificates that the installer is

4A small-scale solar PV system is defined by the legislation as one that is less than 100 kilowatts
in capacity.
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legally required to surrender to the Clean Energy Regulator under the Large Scale

Renewable Energy Target.

From the viewpoint of the typical household considered in this analysis, the RET

scheme is effectively a capacity-based subsidy. That is, larger PV systems equate to

a higher number of renewable energy certificates, and therefore a higher ‘discount’

on the price of the system. The size of the discount depends on prevailing certificate

prices.

3.2 Feed-in tariffs

Feed-in tariffs are a price-based support mechanism designed to encourage the pro-

duction of renewable energy. In Australia, a feed-in tariff offers a premium price

(paid at a rate per kilowatt-hour) for the electricity produced from renewable en-

ergy, in this case by a rooftop solar PV system. Feed-in tariffs are an example of

a production-based subsidy, since the size of the subsidy is based on the amount of

electricity that will be produced by the system.

Feed-in tariffs implemented in Australia can be divided into two categories: net

feed-in tariffs and gross feed-in tariffs. Gross feed-in tariffs are paid for every

kilowatt-hour of electricity produced by a grid-connected solar PV system. Net

feed-in tariffs are only paid for the electricity that is produced by the household’s

system, but not consumed. That is, a net feed-in tariff only pays the household for

the surplus electricity they export to the grid. Gross feed-in tariffs were introduced

in NSW in January 2010, and the scheme was closed to new applicants by March

2011. Thus, a household that installed a solar PV system in NSW during this period

will receive ongoing feed-in tariff payments, with the size of the payment depending

on the amount of electricity produced by their solar PV system. Since it is a gross

feed-in tariff, they will be paid for all the electricity that is produced by their system,

which includes the electricity that they consume themselves.
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3.3 Rebates and subsidies

Upfront subsidies are another form of solar PV incentive. In NSW, the Photovoltaic

Rebate Program (later renamed the Solar Homes and Communities Program) was

introduced in January 2000 to provide rebates to households who purchased PV

systems. The program was dismantled in June 2009.

The ‘solar credits multiplier’ was another policy used in NSW, in connection to

the RET scheme. It was introduced to offer an additional financial incentive by

multiplying the number of renewable energy certificates that can be created for a

small scale PV system. It applies to the first 1.5 kilowatts of capacity for grid-

connected solar PV systems, and was designed so that the multiplier would decline

over time. The estimated value of the subsidy accruing to households under each

type of subsidy program is listed in section 4.2.

3.4 Timing of incentives and solar PV adoptions

Figure 1: Timing of incentives and solar PV adoptions in NSW

Figure 1 illustrates the relationship between the implementation of policies and the
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number of solar PV installations. The rate of solar PV adoptions begins to increase

around the time the solar credits multiplier and the feed-in tariff is first introduced.

The most noticeable feature of this graph is that sharp falls in the number of monthly

solar PV adoptions tend to coincide with the time periods in which an incentive is

reduced or removed.

Along with the policies discussed in this section, other policies have also been con-

currently implemented. One such example is the ‘Solar Cities’ program, which was

designed to trial new models for sustainable electricity use in seven different areas

around Australia, including Blacktown in NSW. The program involves allocating

some money for energy efficiency measures in homes and businesses and to provide

solar technologies. However, this trial program is excluded from this analysis, and

therefore I omit the postcode (2148) that corresponds to the suburb of Blacktown

from the data.
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4 Data

The data required for the estimation in subsequent sections can be divided into two

categories. The first is choice data, in this case, solar PV adoptions. The second is

data for each state variable in the model; solar PV system prices, subsidies, feed-in

tariffs and revenue from electricity production. I consider 244 postcodes in NSW on

a monthly basis during the period beginning April 2001 and ending April 2013. See

Appendix A.1 for a list of data sources.

4.1 Solar PV adoptions

Historical solar PV installation data was obtained from the Clean Energy Regulator.

This includes monthly observations of the number of small scale solar PV installa-

tions in each postcode. These figures represent ‘adopters’; the number of households

that choose to install a system in each period.

In order to calculate the number of ‘non-adopters’ (the number of households who

choose not to install), the total number of households in each postcode is also re-

quired. This data is obtained from the 2006 and 2011 census.5 I include only

occupied private dwellings, and within these, households classified as a ‘separate

house’ and ‘semi-detached’ dwellings. This is to eliminate households that do not

actively make the decision to install or not install a solar PV system, such as resi-

dents of apartment blocks or flats. It was not possible to exclude renters, however,

which poses some limitations on the accuracy of the number of non-adopters in each

postcode.

Inspection of household data from the census revealed that there were significant

differences in household numbers for each postcode between the 2006 and 2011 cen-

52006 and 2011 census data collected by the ABS can be obtained for the geographical structure
labelled ‘Postal area’, which is the closest equivalent to postcodes. Unfortunately, this geographical
structure is not available for earlier censuses, and for this reason 2001 census data could not be
used, although it falls within the sample period.
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sus. In order to avoid the undesirable effect of having a single discontinuous change

in the number of households in a postcode, household data was imputed with a

linear trend.

4.2 State variables

It is assumed that the choice to install a solar PV system is associated with a 1.5

kilowatt system size for all households, since the binary logit model used in the

following sections requires that the decision be made over homogeneous products.

I choose this particular system size primarily for simplicity and data convenience,

and also because it was the most common system size installed in 2008, when the

boom in the solar PV market had begun. It is worth noting that over time, the

average size of solar PV systems installed in Australia have increased. For example,

the most popular system size installed in NSW is currently 5 kilowatts (Solar Choice

2014). However, a 1.5 kilowatt system is small enough such that it is realistic to

assume that each household consumes all the electricity produced by their system.

This assumption is crucial for the calculation of the electricity revenue variable, for

reasons that are discussed below.

System prices

System prices are retrieved from annual ‘PV in Australia’ reports published by the

Australian Photovoltaic Institute, which provide an annual average of PV system

costs in Australia. All postcodes face the same prices, and therefore there is only

temporal variation in the system price data. Figure 2 below illustrates the move-

ment of prices over the sample period. System prices have declined dramatically

from $14/Watt to $2.50/Watt, decreasing by a magnitude of 82%. These are stand-

alone solar PV system prices, which do not reflect subsidy or rebate programs.

A comprehensive report by the Lawrence Berkeley National Laboratory (2013) has

found that the fall in system prices has occurred as a result of the decline in the
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Figure 2: Solar PV system prices in Australia

cost of solar PV components, primarily PV modules, but also inverter and mounting

hardware costs. However, the report also emphasises the decline in what is labelled

‘soft costs’. These relate to general business processes, such as marketing, system

design, installation labour and inspection processes. After comparing between the

major national PV markets6, the report finds that Australia has one of the cheap-

est installed system prices amongst these markets, second only to Germany, which

the report attributes to lower soft costs. In this analysis, it is assumed that solar

PV system prices are exogenously determined. If solar PV system prices are pre-

dominantly a function of module costs, which are determined on the international

market, then this assumption is reasonable (Burr 2014, p. 14). Soft costs on the

other hand, are likely to fall as the market grows due to learning-by-doing effects

and economies of scale. However, since Australia has a comparatively small solar

PV market (in absolute terms), any trend in soft costs are less likely to have a major

impact on the trajectory of domestic solar PV prices, suggesting that the exogeneity

6Germany, Italy, Japan, France, Australia and the United States
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assumption may still be reasonable (Berkeley report, 2013).

Electricity Revenue

This variable represents the present discounted value of the avoided cost of elec-

tricity, since ownership of a solar PV system means that a household will need to

purchase less electricity, if at all, for the life of the system. A 25 year life span

is assumed, which is a relatively conservative estimate given that PV systems are

expected to last 25 to 30 years (Clean Energy Council 2012, p. 6). I use the formula

developed by Burr (2014) to calculate the present value of revenue (Rzt) for each

postcode z and time period t by finding the present value of the amount of electricity

generated, multiplied by the electricity rate:

Rzt =
1− r25

1− r
×Q× IRz × Ct × 365.

Q represents the size of the solar PV system in kilowatts, which is set to 1.5. Solar

irradiation (IRz) is measured in kilowatt-hours per m2 per day. The product of Q

and IRz is equal to the amount of electricity the system is expected to produce each

day in kilowatt-hours (kWh). This is then multiplied by the electricity rate (Ct)

measured in cents/kWh and by 365 to calculate the yearly electricity revenue.

In the present value calculation, the term r is equal to the following:

r =
1

1 + rl

where rl = (1 − αD)(1 + αe)β. Here, αD is the rate of panel degradation, αe rep-

resents the electricity price escalation rate, and β is the annual discount rate. See

Appendix A.2 for a list of parameter values.

There is variation across time and across postcodes in the electricity revenue vari-

able, due to changing electricity prices over time, and varying solar exposure across
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postcodes. Note also that IRz is calculated here as a single daily average for each

postcode. The dataset contains monthly averages of mean daily solar irradiation

levels from April 2001 to April 2013, and I take the average over all months of the

data to find IRz for each postcode. I use this average instead of the original dataset

for ease of calculation, and as a forecast of future solar irradiation levels, since the

revenue stream is received over 25 years.

This revenue formula is only accurate, however, if the household consumes all of

the electricity produced by the solar PV system. Here we can see the convenience of

the 1.5 kilowatt system size assumption discussed earlier. The average Australian

household consumes approximately 18 kilowatt-hours of electricity per day, while

a 1.5 kilowatt system is only expected to produce around 5.85 kilowatt-hours of

electricity per day (Clean Energy Council 2012, p. 4). Thus a 1.5 kilowatt system

displaces around 30% of the average electricity bill, and I do not need to make any

further assumptions about how much excess electricity might be produced but not

consumed by the household (an assumption that would be required if a larger sys-

tem size was chosen).

Capacity-based Subsidy

Historical subsidy values are presented in Table 1. They have been compiled by

Ausgrid, an electricity infrastructure company owned by the NSW government.

Table 1: Subsidy schemes in NSW
Scheme Duration Amount REC value Total

Photovoltaic Rebate Program Jan 2000 - Nov 2007 $4,000 $1,250 $5,250
Solar Homes and Communities Nov 2007 - 9 Jun 2009 $8,000 $1,250 $9,250
Solar Credits Multiplier (x5) 9 Jun 2009 - 30 Jun 2011 $4,700 $4,700
Solar Credits Multiplier (x3) 1 Jul 2011 - 30 Jun 2012 $2,700 $2,700
Solar Credits Multiplier (x2) 1 Jul 2012 - 30 Jun 2013 $1,800 $1,800

In the third column of Table 1, I have listed the subsidy amounts for the two rebate

programs that were in place from 2007 to 2009. The RET scheme was also operating

concurrently, and thus the value of the associated subsidy is listed in the column
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labelled ‘REC value’.

The renewable energy certificate (REC) value is based on a 1.5 kW system and

Ausgrid’s estimate of prevailing certificate prices at the time. Note that the nature

of the subsidy is the same for each scheme, in spite of alternative names. Thus, I

calculate the gross benefit to the consumer from all programs in operation at the

time, listed in the final column of Table 1. Subsidy values vary across time only.

Feed-in tariffs

I extend Burr’s (2014) methodology here by introducing an additional term to ac-

count for feed-in tariff revenue explicitly. Feed-in tariff rates have been obtained from

annual PV in Australia reports. A gross feed-in tariff of 60 cents/kilowatt-hour was

introduced in NSW in January 2010, which was later lowered to 20 cents/kilowatt-

hour. Thus, all households which had installed a solar PV system between the 1st

of January 2010 and 31st October 2010 are eligible to receive a feed-in tariff rate of

60 cents/kWh from the date of installation until the 31st of December 2016. House-

holds which installed a solar PV system between the 1st of November 2010 and the

31st of March 2011 are eligible to receive a feed-in tariff rate of 20 cents/kWh from

the date of installation until the 31st of December 2016. For all households that

installed a solar PV system prior to January 2010, or after March 2011, I set the

feed-in tariff variable to zero. The details of the feed-in tariff scheme used in NSW

are outlined in Table 2.

Table 2: Feed-in tariff scheme in NSW

Feed-in tariff rate Duration Eligibility

60 cents/kWh Jan 2010 - Dec 2016 Installed Jan 2010 - Oct 2010
20 cents/kWh Nov 2010- Dec 2016 Installed Nov 2010 - Mar 2011

These rates are used to calculate the present value of feed-in tariff revenue from

owning a PV system. The method used to calculate the present value is outlined

below. The calculation is divided into two components: the first component concerns
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the three year period beginning January 2010 to December 2012, whilst the second

concerns the four year period beginning January 2013 to December 2016. Together,

both components make up the entire duration of the feed-in tariff scheme. They have

been divided into these components based on observability of solar irradiation data.7

For the first component, the revenue received from the feed-in tariff in each month

(Mzt) was calculated using the following formula:

Mzt = Q× IRt
z × (no. of days in month)× fit

where Q again represents system size in kilowatts, set to 1.5. IRt
z here represents the

average daily solar irradiation level for each month t, in each postcode z, measured

in kWh/m2/day. fit represents the feed-in tariff rate in cents/kWh.

Next, I calculate the present value (F 1
zt) in month t (the month of adoption) of

this sequence of monthly revenues using the following formula, where βm represents

the monthly discount rate:

F 1
zt =

36−(t−x)∑
n=0

Mzt

(
1

1 + βm

)n
.

In this formula, x represents the commencing month of the program. Thus, x is

equal to 106 for the feed-in tariff rate of 60 cents (January 2010 is the 106th time

period in the data), and x is equal to 116 for the feed-in tariff rate of 20 cents.

For the present value of the second component (Jan 2013 to Dec 2016), I have

used the single daily average solar irradiation (IRz) for each postcode in lieu of

observed monthly averages used in the calculation of the first component. This is

the same IRz used in the calculation of the electricity revenue variable. The revenue

7This method of dividing the calculation into two components, based on observability of solar
irradiation data, was not used for the electricity revenue variable. This is because the electricity
revenue stream spans 25 years, most of which lie outside the sample period where solar irradiation
is not observed.
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received from the feed-in tariff in each year for each postcode (Yz) is calculated using

the following formula:

Yz = Q× IRz × fit× 365.

This gives rise to the following present value formula for F 2
zt, where β is the

annual discount rate, and βm is the equivalent monthly discount rate:

F 2
zt =

(
1

1 + βm

)36−(t−x)
[

3∑
i=0

Yz

(
1

1 + β

)i]
.

First, the yearly revenues are discounted, on an annual basis, back to January 2013.

This calculation is represented by the second term in square brackets above. Next,

this value is in turn discounted, on a monthly basis, back to the month of adoption.

The total present value of feed-in tariff revenue for adoption in period t is therefore:

Fzt = F 1
zt + F 2

zt.

There is both cross-sectional and temporal variation in feed-in tariff revenues.

Table 3 presents summary statistics, calculated using an annual discount rate of

5%. Summary statistics calculated at a discount rate of 3% and 10% are listed in

Appendix A.3.

Table 3: Summary Statistics (β = 5%)

Variable Mean Standard Minimum Maximum No. of
Deviation observations

System price 14,491 5,523.14 3,750 21,000 35,380
Subsidy 5,202.76 1,842.61 1,800 9,250 35,380
FIT revenue* 6,788.38 2,919.88 0 10,850.95 35,380
Electricity revenue 5,528.28 864.82 3,861.43 8,033.88 35,380
No. of installations 2.66 10.12 0 353 35,380

*Mean and Standard deviation calculated based on observations from Jan 2010 to Mar
2011 only (FIT policy duration).
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5 Methodology

This chapter outlines the structural model used to investigate this research question.

The model is an example of Rust’s ‘inverse stochastic control’ problem (1988, p.

1006). Agents observe a sequence of states (xt) and make a sequence of decisions

(dt) in each time period t. The econometrician can use the observed data {dt, xt}

to uncover the parameters of the agent’s objective function. These parameters can

then be used to estimate the effect of certain policy changes on the agents’ choices.

5.1 Structural Model

Each month, the household makes the decision to install a 1.5 kW solar PV system

or remain with the current electricity setup, after observing the cost of the system

(p), the discounted present value of the electricity revenue (r), the amount of the

capacity-based subsidy (s), and the discounted present value of the feed-in tariff

revenue (f). These will be the state variables (xt), which are observed by the econo-

metrician. I also allow for an unobserved state variable (εt = {εt(0), εt(1)}) that is

revealed to the household before the choice is made in period t. This term is not

observed by the econometrician.

The discrete choice problem is presented below:

dt =


1, install solar PV system

0, do not install.

Given the state variables {xt, εt}, the household decides whether to install a solar

PV system or remain with their current electricity setup. This decision is made in

each time period, assuming an infinite horizon. If the household chooses to install

a PV system in any period, they subsequently exit the market forever. Thus, the

household solves an optimal stopping problem when choosing whether to install.
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Utility function

In the interests of computational tractability, I follow Rust (1988) by assuming that

the per-period utility function U is additively separable into terms that are observ-

able or unobservable to the econometrician. Thus, it can be represented in the

following way:

U(x, ε, d) = u(x, d, θ) + ε(d)

where u(x, d, θ) is the utility obtained from choice d in state x. θ represents a vector

of parameters measuring the effect of each state variable on utility. The value of

u(x, d, θ) for each choice d is shown in Equation (1).

u(x, d, θ) =


θ0 + θ1(Yi − p) + θ2r + θ3s+ θ4f, d = 1

θ1Yi, d = 0

(1)

Here, the term Yi represents household income. This will drop out of the utility

specification as only the differences in utility across choices matter in a discrete

choice model.

The random error term, ε, represents an idiosyncratic utility shock across indi-

viduals and time, and keeping with the majority of the literature, is assumed to

follow a type I extreme value distribution. ε(1) is a shock to utility when installing

a solar PV system. For example, a positive ε(1) may arise when a postcode is

publicly named in an Australian newspaper as one of the top ‘solar suburbs’.8 In

this case, the probability of adoption in that postcode may increase as households

seek to maintain or enhance this status (assuming that households do gain some

utility from being perceived as ‘environmentally friendly’ by society). On the other

hand, ε(0) represents an unobserved utility shock associated with remaining with

the current electricity provider. For example, if there are negative reviews of solar

PV systems circulating in a local newspaper, this may lead to a positive ε(0).

8There have indeed been a number of media reports on the postcodes and suburbs which have
had the highest rates of solar PV adoption. See, for example, Edis (2014).
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Lastly, I specify the evolution of the state variables. The joint stochastic process

{xt, εt} follows a Markov process with probability density p(x, ε).

The Value Function

In each time period, the household observes their state (xt, εt) and chooses an ac-

tion dt from which they receive some utility U(xt, εt, dt). Their aim is to choose a

sequence of decisions that maximise the expected discounted value of utility over

the infinite horizon. I formulate this value function below:

Vθ(x, ε) = max
{dt}∞t=0

Ex′,ε′

[
∞∑
t=0

βtU(xt, εt, dt)

]

where β represents the household’s intertemporal discount factor, and x′ and ε′ rep-

resent the states in the next period. The infinite horizon assumption allows us to

evaluate the expectation by taking limits as t approaches infinity.

The present value (labelled prval below) of choosing to install a solar PV system in

the current period is simply the per-period utility value U when d = 1. Now that

the household has chosen to install, they exit the market and receive no utility in

future periods.

prval(d = 1) = U(x, ε, 1)

= u(x, 1, θ) + ε(1)

= θ0 + θ1p+ θ2r + θ3s+ θ4f + ε(1).

The present value of choosing not to install in the current period is the per-period

utility value U when d = 0 plus the present value of choosing to install a system at
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some time period in the future:

prval(d = 0) = U(x, ε, 0) + Ex′,ε′

[
∞∑
t=1

βtU(xt, εt, dt)

]
= ε(0) + β

∫
x′

∫
ε′
Vθ(x

′, ε′)p(x′, ε′ | x, ε) dx′ dε′. (2)

The second term in Equation (2) is simply the discounted value function over all

states, multiplied by the probability of moving to each state in the next period.

I can therefore rewrite the value function using the Bellman representation:

Vθ(x, ε) = max
d={0,1}

[prval(d = 0), prval(d = 1)]

Vθ(x, ε) = max
d={0,1}

[
ε(0) + β

∫
x′

∫
ε′
Vθ(x

′, ε′)p(x′, ε′ | x, ε) dx′ dε′, u(x, 1, θ) + ε(1)

]
.

Next I invoke another of Rust’s (1988, p. 1010) simplifying assumptions: the con-

ditional independence restriction. For each (xt, εt) and d = {0, 1}, the Markov

transition density, p, can be factored into two terms:

p(x′, ε′ | x, ε) = q(ε′ | x′)π(x′ | x).

This implies that the probability density for x′, π(x′ | x), only depends on x, and

not the unobserved variable, ε. Thus, ε can be interpreted as ‘noise’ that does not

impede the household’s ability to predict the future states.

The two assumptions drawn from Rust (1988, p. 1010) are, as he noted, strong

restrictions. However, it now becomes much simpler to estimate the parameter vec-

tor, θ, and calculate the conditional choice probabilities.
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Social Surplus Function

Define the function EVθ(x, ε, d) as:

EVθ(x, ε, d) =

∫
x′

∫
ε′
Vθ(x

′, ε′)p(x′, ε′ | x, ε) dx′ dε′

=

∫
x′

∫
ε′
Vθ(x

′, ε′)π(x′ | x)q(ε′ | x′) dx′ dε′.

This function represents the expected utility from the sequence of future decisions

{dt+1}t=∞t=0 , and is commonly referred to as a social surplus function, following Mc-

Fadden (1981).

Using this term, the choice-specific value function can be expressed as

υθ(x, d) =


θ0 + θ1p+ θ2r + θ3s+ θ4f, d = 1

βEVθ(x, d), d = 0.

I can now simplify the expression of the Bellman equation and rewrite it as follows:

Vθ(x) = max
d={0,1}

[υθ(x, d) + ε(d)].

Rust (1988) proves that υθ is the unique fixed point of the contraction mapping Λθ

defined as:

Λθ(v)(x, d) = u(x, d, θ) + β

∫
x′
log

[∑
d∈0,1

exp{υθ(x′, d)}

]
π(x′ | x)dx′.

Conditional Choice Probabilities

Next, I would like to obtain formulas for the choice probability P (d | x, θ). Rust

(1987) notes that if the errors, ε, are assumed to follow a multivariate extreme value

distribution (as I have assumed here, following the majority of the literature9), then

9See, for example, Burr (2014), Berry et al (1995), Rust (1988).
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the conditional choice probability takes on the same binary logit formula as in the

case of static discrete choice models:

P (d | x, θ) =
exp{υθ(x, d)}

exp{υθ(x, 0)}+ exp{υθ(x, 1)}

where P (d = 1 | x, θ) represents the probability of adopting and P (d = 0 | x, θ)

represents the probability of not adopting, which together sum to one. All house-

holds in a postcode have the same choice probabilities, since they face the same

state variables (x), and it is assumed that they share the same error term (ε).

Nested Fixed-Point Maximum Likelihood Algorithm

I observe the value of the state variables in each period and the sequence of de-

cisions {dt, xt}, and use this to uncover the structural parameters of the household’s

objective function. More simply, I would like to find the parameter vector, θ, that

maximises the likelihood function shown below:

`i(x
z; θ) =

T∏
t=1

Pr(dit | xzt ; θ)π(xzt | xzt−1, dit−1)

where `i(x
z; θ) represents the likelihood of observing the realisation {xz, di} for

household i in postcode z.

I can now compute the likelihood function for the entire dataset as:

`θ =
Z∏
z=1

nz∏
iz=1

`i(x
z; θ)

where nz refers to the total number of households in postcode z.
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The log-likelihood function can then be derived as follows:

Lθ = ln(`θ)

=
∑
z

∑
iz

∑
t

ln
[
Pr(dizt | xzt ; θ)

]
+
∑
z

∑
iz

∑
t

ln
[
π(xzt | xzt−1)

]
.

The aim is to maximise the log-likelihood function with respect to θ, while comput-

ing the value function for each possible value of θ. These two steps form the ‘outer

loop’ and ‘inner loop’ of Rust’s nested fixed point algorithm, respectively.

The algorithm begins in the inner-loop, where a numerical value is computed for

the social surplus function EVθ using value function iteration, for all possible values

of θ. These values are fed into the outer loop where they are used to calculate the

conditional choice probabilities. These probabilities can then be used to maximise

the log-likelihood function above to find the vector of parameters, θ, which describe

the household’s utility function.

5.2 Estimation

Burr (p. 18, 2014) introduces the perfect foresight assumption into the model in

order to simplify the estimation procedure. This implies that households are able to

perfectly predict the states in all future periods when making the decision to adopt

or not, and the second term in the log-likelihood function becomes zero.

Lθ =
∑
z

∑
iz

∑
t

ln
[
Pr(dizt | xzt ; θ)

]
+ 0.

Conditional choice probabilities are homogenous across households in each postcode.

Thus, I can evaluate the summation across households iz by multiplying the choice

probabilities for each postcode by the number of households that choose to adopt,

and the number of households that do not. This gives us the following maximisation

problem:
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max
θ

∑
t

∑
z

(
[nz(d

iz
t = 1)ln

[
Pr(dizt = 1 | xzt ; θ)

]
+nz(d

iz
t = 0)ln

[
Pr(dizt = 0 | xzt ; θ)

] )

where nz(d
iz
t = 1) represents the total number of adoptions at time t in postcode z,

and nz(d
iz
t = 0) represents the total number of non-adoptions.

The perfect foresight assumption also affects the dynamic programming problem

specified earlier. The optimal stopping problem is now solved by households evalu-

ating the payoff of choosing to adopt in the current period, or waiting and making

the same decision in the next period (in which the value of all state variables are

known in advance). At the end of the observed data (April 2013), I leave the final

payoff of not adopting (d = 0) as a parameter and estimate this along with the vec-

tor θ. All models have been programmed in Matlab. The limitations of the perfect

foresight assumption are considered in section 7.3.
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6 Results

First, I present the coefficient estimates of the utility function (Equation 1), with

multiple specifications. I conduct hypothesis tests on these models to find the most

appropriate model specification, and use these estimates to conduct counterfactual

analyses. These counterfactuals are used to calculate CO2 abatement costs associ-

ated with subsidies and feed-in tariffs, in order to evaluate the most cost-effective

policy.

6.1 Maximum Likelihood Estimation

Table 4 presents the results from different specifications of the model, using an an-

nual discount rate of 5%. All variables are measured in dollars. Model 1 combines

all state variables into a single term: ‘net cost’ of the solar PV system. Model 2 esti-

mates each state variable separately, with the underlying rationale that households

may respond differently to each type of monetary instrument. Model 3 combines the

subsidy and feed-in tariff into a single policy incentive variable, ‘total subsidy’, im-

plying that households respond similarly to both types of incentives. Lastly, Model

4 combines both production-based variables (feed-in tariff and electricity revenue)

into a single ‘net revenue’ term. Standard errors have been calculated using the

non-parametric bootstrap method (see Appendix A.4).

The likelihood ratio statistic confirms that all models are statistically significant

compared to the model with only the intercept term (see the last row of Table 4).

Although the estimated coefficients of all state variables are statistically significant

at the 1% level, they appear to be quite small in magnitude. And yet this finding

in and of itself is not informative, since the dependent variable is household utility

which is more meaningful as an ordinal concept. All coefficients have the expected

sign; utility increases as the amount of the subsidy, feed-in tariff revenue or electric-

ity revenue increases, and utility decreases as the cost of a solar PV system increases.
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Table 4: MLE Results (β = 5%)

Variable Model 1 Model 2 Model 3 Model 4

Net cost −2.06×10−4∗∗∗

(2.08×10−6)

System cost −3.92×10−4∗∗∗ −2.68×10−4∗∗∗ −4.27×10−4∗∗∗

(1.06×10−5) (1.13×10−5) (9.76×10−6)

Subsidy 4.68×10−4∗∗∗ 4.65×10−4∗∗∗

(1.47×10−5) (1.31×10−5)

Feed-in tariff 1.20×10−4∗∗∗

(4.01×10−6)

Total subsidy 1.52×10−4∗∗∗

(3.08×10−6)

Electricity 5.29×10−4∗∗∗ 5.10×10−4∗∗∗

revenue (9.41×10−5) (9.84×10−5)

Net revenue 1.25×10−4∗∗∗

(3.93×10−6)

Constant −7.51∗∗∗ −8.89∗∗∗ −8.50∗∗∗ −6.09∗∗∗

(0.03) (0.65) (0.54) (0.06)

Observations 35,380 35,380 35,380 35,380
Log likelihood -687,827 -669,685 -675,111 -670,829
LR χ2 168,437 204,723 193,869 202,434

Note: *, ** and *** constitute significance at a 10%, 5% and 1% significance
level respectively

The alternative specifications of the model are motivated by the idea that con-

sumers may not receive equivalent changes in utility from a dollar change in each

state variable. This could be due to differences in timing of the benefits or costs,

or transaction costs associated with applying for rebates or feed-in tariffs (Burr

2014, p. 22). For example, households consider the cost of a system and any re-

bate or subsidy around the time of purchase and installation, while the feed-in tariff

revenue and electricity revenue are received in increments over a number of years.

The uncertainty involved in making choices based on net present value calculations

suggests that households may not respond equally to a dollar change in different

variables. Additionally, transaction costs may exist in the form of paperwork re-

quired to demonstrate eligibility for subsidy or feed-in tariff payments. These issues

justify separating each component of the ‘net cost’ into distinct variables.
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Hypothesis tests

Next, I conduct three hypothesis tests to determine the most preferred model spec-

ification. Likelihood ratio tests are used to test the following null hypotheses (H0).

The likelihood ratio statistic is twice the difference in the log-likelihoods:

LR = 2(Lur − Lr)

where Lur and Lr are the respective log-likelihood values for the unrestricted and

restricted models. LR has an approximate chi-square (χ2) distribution under the

null. Results calculated using a discount rate of 5% are outlined below.

i) All four coefficients are equal:

H0 : θ1 = θ2 = θ3 = θ4

LR = 36, 284

p-value = 0

Therefore the null hypothesis is rejected at a 1% significance level. This result pro-

vides some evidence to substantiate earlier claims that households might not value

a dollar change in each instrument equally.

ii) Both subsidy coefficients are equal:

H0 : θ2 = θ3

LR = 10, 852

p-value = 0

Here I have tested whether households respond to a subsidy and feed-in tariff in a

similar way. The null hypothesis is rejected at a 1% significance level, implying that

both policies do not have the same effect on households.
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iii) Both revenue coefficients are equal:

H0 : θ3 = θ4

LR = 2, 288

p-value = 0

Lastly, I test whether households value feed-in tariff revenue and electricity revenue

equally, where the null hypothesis is again rejected at a 1% significance level. In

Burr’s analysis, it is assumed that the effect of revenue from solar electricity pro-

duction is equivalent to the effect of revenue from the feed-in tariff payment (2014,

p.3). However, the result of this hypothesis test indicates otherwise. This result

justifies including the feed-in tariff revenue as a separate term, as done in Model 2.

The results of the hypothesis tests indicate that Model 2 is the preferred specifica-

tion. The estimates of each coefficient in Model 2 offer some insights into consumer

behaviour. The coefficient on each of the policy variables illustrates that the effect

of the capacity-based subsidy on household utility is almost four times that of the

feed-in tariff. Although, as Burr (2014, p. 3) notes, feed-in tariff revenue should be

identical to electricity revenue, here the effect of each are clearly distinct. Electricity

revenue appears to have more than four times the effect that the feed-in tariff has

on household utility. It is also somewhat surprising that electricity revenue has a

greater effect on households than does system cost, since the avoided cost of elec-

tricity can be considered an implicit benefit, as opposed to the explicit cost faced

when purchasing a solar PV system. However, this does provide some support for

the hypothesis that households are increasingly turning to solar PV systems as a

means of hedging against increasing electricity prices (Parkinson 2014).

In order to control for potential omitted variables, I add postcode fixed effects and
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year fixed effects to Model 2 from Table 4. This will account for the possibility that

there may be characteristics associated with each postcode (or each year) that make

households more or less predisposed to purchase a solar PV system. For example,

we might expect that postcodes which belong in the electorate of a Greens party

senator receive additional utility from the installation of solar PV systems. If such

effects are not controlled for, the assumption that the error term, ε, is independent

and identically distributed may be violated. Table 5 presents the estimates from the

fixed effects models.

Table 5: MLE Results for models with fixed effects

Variable Model 5 Model 6 Model 7

System cost −4.14×10−9 −3.70×10−4∗∗ −7.43×10−4∗∗∗

(7.97×10−4) (1.59×10−4) (5.53×10−5)

Subsidy 2.44×10−5∗∗∗ 4.59×10−4∗∗∗ 2.25×10−4∗∗∗

(2.69×10−5) (1.36×10−4) (1.41×10−5)

Feed-in 1.75×10−11 1.93×10−9 3.18×10−9

tariff (6.16×10−10) (7.08×10−5) (4.17×10−8)

Electricity 5.76×10−4∗∗∗ 4.72×10−4 2.20×10−4

revenue (1.08×10−4) (3.53×10−4) (1.80×10−3)

Constant -11.96 -8.12 -0.48
(17.07) (12.14) (13.71)

Year FE Yes No Yes
Postcode FE No Yes Yes

Observations 35,380 35,380 35,380
Log likelihood -662,917 -668,505 -657,714
LR χ2 218,258 207,082 228,664

Note: *, ** and *** constitute significance at a 10%, 5% and 1%

significance level respectively

According to likelihood ratio tests, all fixed effects models are found to be statisti-

cally significant compared to the model with the intercept term alone. The results

from the fixed effects models are considerably different from that of the previous

models estimated. After controlling for year fixed effects (Model 5), the coefficient

of the system cost and feed-in tariff variables become much smaller relative to the

subsidy and electricity revenue coefficients. However, the change in the magnitude

of the system cost variable is likely to be a result of data constraints. That is, system
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cost data was available on a yearly basis only, as opposed to the monthly data avail-

able for the other variables, and therefore the variation in system cost is only across

years. It appears that adding year fixed effects has removed much of this variation,

leading to the estimation of an insignificant coefficient on system cost. This may

also be the case for the feed-in tariff variable, although this is somewhat less certain.

The feed-in tariff scheme operated for a little over a year; fifteen months in total.

Thus adding year-fixed effects may have removed some of this variation, but since

there is both temporal variation and cross-sectional variation in the feed-in tariff

data (unlike the system cost data), this issue is less of a concern in Model 5.

After controlling for postcode fixed effects in Model 6, all estimates remain of simi-

lar magnitude to those in Model 2 from Table 4. Although larger than in Model 5,

the feed-in tariff coefficient is still considerably small in magnitude, and statistically

insignificant. In Model 7, after controlling for both year fixed effects and postcode

fixed effects, the feed-in tariff coefficient remains much smaller than the other co-

efficients in the model. Thus the fixed effects models appear to suggest that the

feed-in tariff has no significant effect on household utility. However, as noted above,

adding fixed effects may artificially remove much of the variation in feed-in tariffs.

Although there is cross-sectional variation in feed-in tariffs due to differences in so-

lar irradiation levels across postcodes, since the sample includes postcodes in NSW

only, the variation is not large.10 Therefore, adding postcode fixed effects may have

the undesirable effect of removing what might be termed ‘good’ variation from the

data. In light of these considerations, I continue to conduct analysis in the following

sections using Model 2 estimates as well as the fixed effects models, even though

the latter prove to be statistically significant improvements on Model 2 according

to likelihood ratio tests.

10To illustrate, the minimum average daily solar irradiation level for all postcodes is 4.41
kWh/m2/day, and the maximum is 5.55 kWh/m2/day. There is more variation in the observed
average daily solar irradiation level (monthly observations), with a minimum of 1.61 and a maxi-
mum of 8.94. Monthly observations, however, are used in only half of the feed-in tariff calculation,
see Section 4.2.
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The subsidy variable also becomes smaller in Model 7, after controlling for year

effects. However, the relative stability of the subsidy coefficient in all models im-

plies that the significant effect of the capacity-based subsidy on utility is robust to

several specifications.

6.2 Counterfactual analysis

In this section, estimates from Models 2, 6 and 7 are used to conduct counterfactual

analyses. I choose the Model 2 specification since it performed best in the hypoth-

esis tests, as well as the fixed effects models to control for omitted variables. The

model with year fixed effects only (Model 5) is excluded in the following analysis

due to the issues discussed above.

First, I use the estimates from Model 2 to find the predicted number of instal-

lations over the same time period (April 2001 - April 2013) if 1) there were no

incentives, that is, neither subsidy nor feed-in tariffs had been implemented, 2) no

subsidies had been implemented, and 3) no feed-in tariffs had been implemented.

Table 6: Number of adoptions with and without incentives (Model 2)

With incentives Without incentives Difference Percentage

Subsidy 94,253 20,292 73,961 78%

Feed-in tariff 94,253 79,994 14,259 15%

Subsidy and 94,253 18,115 76,138 81%
feed-in tariff

The results in Table 6 suggest that the financial incentives put in place over this

time period have contributed to 81% of solar PV adoptions. The first and second

rows of Table 6 show that without any capacity-based subsidies, there would have

been 78% fewer adoptions in these postcodes during the period of analysis, and

15% fewer adoptions without the feed-in tariff scheme. These results are robust to

different assumptions on the discount rate (see Appendix A.6 and A.8). On first
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glance, it appears that the subsidies have been more effective in encouraging solar

PV adoptions, although this is only a natural consequence of having a larger amount

of spending on subsidies than feed-in tariffs during the twelve year period. Subsidy

programs operated throughout the twelve years, while the feed-in tariff scheme only

operated over a period of fifteen months.

It is also interesting to note that while each policy contributes 78% and 15% of

adoptions when considered separately, together, they only contribute to 81% of

adoptions. This implies that there may be some sort of crowding-out effect occur-

ring when both policies operate concurrently. If so, implementing multiple policies

may be an inefficient means of encouraging solar PV adoptions.

Next, I compute counterfactuals using the two fixed effects models. After look-

ing at a counterfactual situation in which no feed-in tariff was implemented, both

models find the feed-in tariff to contribute to little or no adoptions (less than 1%,

for both models). This is as expected, since the coefficient was both practically

and statistically insignificant in both models. Thus I consider only the counterfac-

tual situation in which no subsidies were implemented over the sample period. The

predicted number of installations under both model specifications are presented in

Table 7.

Table 7: Number of adoptions with and without subsidies (Fixed effects models)

With subsidy Without subsidy Difference Percentage

Model 6 - 94,253 41,855 52,398 76%
postcode FE

Model 7 - 94,253 22,749 71,504 56%
postcode and year FE

The model with postcode fixed effects only implies that 76% of solar PV adoptions

are due to subsidies, while the model with postcode and year fixed effects attributes

56% of solar PV adoptions to the effect of subsidies.
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Cost of CO2 abatement

The principal benefit of the increased deployment of solar PV systems is the poten-

tial to reduce greenhouse gas emissions that arise from the production of electricity

using fossil fuels. Along with carbon dioxide (CO2), methane (CH4), nitrous oxide

(N2O) and other synthetic gases are also produced from the burning of fossil fuels.

While all greenhouse gas emissions are problematic (particularly methane, which

is 21 times as effective at trapping heat than CO2), only CO2 abatement will be

considered since it accounts for approximately two thirds of the greenhouse gases

produced by humans (State Government of Victoria, 2013). Other benefits of lim-

iting Australia’s dependence on fossil fuels include the creation of new ‘green’ jobs,

and the benefits associated with moving from finite to sustainable energy sources.

The creation of new jobs may be offset somewhat (or entirely) by the decline of the

coal and mining industry. In the following analysis, it is assumed that the primary

benefit of encouraging solar PV adoption is the reduction of CO2 emissions.

Thus, a more meaningful method of policy evaluation involves calculating the cost

of CO2 abatement associated with each policy, in other words, the implied price

of carbon dioxide (PCO2). Using the formula in Burr (2014, p. 25), we have the

following:

PCO2 =
G−∆CS

γ ×∆Q
(3)

where G is aggregate government spending on the policy, ∆CS represents the change

in consumer surplus from purchasing a solar PV system, γ is the amount of CO2

that a 1.5 kilowatt PV system is expected to displace during its lifetime, and ∆Q is

the change in the number of adoptions caused by the policy. Thus the numerator

equals the deadweight loss of the policy, and the denominator represents the total

amount of CO2 displaced due to its implementation.
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The dynamic model can be used to calculate the change in consumer surplus (in dol-

lars) from the policy. Under the logit assumption, there is a closed form expression

for the consumer surplus associated with a choice (Train 2009, p.55). A household’s

consumer surplus is the utility, in dollar terms, that the household receives from the

alternative that they choose. The choice is made based on the alternative that offers

the greatest utility, and therefore consumer surplus for a household i in postcode z

can be written as:

CSiz =
1

θ1iz
E[max

d
{Uiz(x, ε, d)}].

Recall that θ1 is the coefficient on the income term in the expression for utility from

section 5. The coefficient represents the marginal utility of income: dUiz

dYiz
= θ1iz , and

therefore dividing by θ1iz translates utility into dollar terms. Although the income

term drops out of the model, θ1 is also the coefficient on the cost variable and there-

fore an estimate is obtained from the dynamic model.

However, the econometrician does not observe Uiz(x, ε, d). uiz(x, d, θ) is observed

instead, but the distribution of the remaining component of utility, the error term,

ε, is known. This gives rise to the following expression for the expected consumer

surplus:

CSiz =
1

θ1
E[max

d
{uiz(x, d, θ) + εiz(d)}]

where the expectations operator is over all possible values of εz. Since it is not

possible to obtain a distinct θ1iz for each postcode z, I use the general population

coefficient θ1 in its place. It has been shown that if each ε is iid extreme value (as

it is here) and we assume that utility is linear in income, the expectation can be

written as:

E(CSiz) =
1

θ1
ln

(∑
d=0,1

euiz

)
+ C

where C is an unknown constant (Train 2009, p. 56). This formula can be used to

calculate the change in consumer surplus associated with a change in the policy. I

calculate E(CSiz) both immediately before and after the policy change (denoted by
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the superscripts 0 and 1 respectively), and take the difference to find the change in

consumer surplus (Train 2009, p. 56):

∆CSiz =
1

θ1

[
ln

(∑
d=0,1

eu
1
iz

)
− ln

(∑
d=0,1

eu
0
iz

)]

The constant term C thus drops out of the calculation. ∆CSiz is the average change

in consumer surplus for a household i in postcode z. Thus the total change in con-

sumer surplus is the sum of ∆CSiz over all postcodes z, weighted by the number

of households nz in each postcode (nz does not include households that have al-

ready installed a solar PV system, as these households have exited the market after

adoption). This leads to the final calculation:

∆CS = ∆CSiz × nz.

For the feed-in tariff, I calculate consumer surplus during the period before the pol-

icy is implemented in the data (December 2009), and during the period after the

policy is implemented (January 2010). For the capacity-based subsidy, I calculate

consumer surplus during the period before the subsidy increase (November 2007)

and after the subsidy level is increased (October 2007). This captures the perma-

nent change in consumer surplus due to the change in policy.

Lastly, I compute a value for the constant γ using data from the Productivity Com-

mission report, ‘Carbon emission policies in key economies’ (2010). The Productiv-

ity Commission estimates the average emissions intensity of electricity generation

from fossil fuels in Australia as being 0.92 t/MWh. Thus, I assume the average

amount of CO2 emissions associated with each megawatt-hour (MWh) of electricity

consumption to be 0.92 tonnes. To calculate the expected lifetime electricity pro-

duction (EEP ) of a 1.5 kilowatt solar PV system, I use a variation of the formula
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used to calculate the electricity revenue variable in Section 4.2, shown below:

EEP =
1.5× IR× 365× 25

1000
= 65.1525

where IR is the average daily solar irradiation level over all postcodes in the data,

which is equal to 4.76 kilowatt-hours per m2 per day. This is multiplied by 1.5

(the capacity of the solar PV system), and then by 365 to obtain yearly electricity

production. Expected production over the entire lifetime of the solar PV system

is then calculated by multiplying by 25 years. Lastly, I divide by 1000 to obtain

expected electricity production in megawatt-hours.

I begin by assuming that all solar PV systems installed in the data will produce

65.1525 megawatt-hours of electricity over their lifetime. This implies that γ is a

constant, and calculated as:

γ = 0.92 t/MWh× 65.1525MWh

= 59.9403 tonnes/system.

This suggests that the installation of a solar PV system in NSW leads to approxi-

mately 59.94 tonnes of CO2 abatement.11

CO2 prices for both the feed-in tariff and subsidy are given in Table 8. Values

are rounded to the nearest dollar.

Table 8: CO2 prices under various discount rates

Policy 3% 5% 10%

Subsidy $91 $89 $84
Feed-in tariff $252 $203 $125

11For simplicity, I do not consider CO2 emissions during the solar PV manufacturing process in
this analysis. While there are no greenhouse gases emitted when generating electricity using solar
power, it is important to note that there are CO2 emissions created during the manufacturing and
installation process, and therefore the overall level of CO2 abatement should take this into account
(IPCC 2011, p. 338).
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Calculations are done using Model 2 estimates under three different discount rate

scenarios. Unsurprisingly, the variation in prices across different discount rates are

much larger for the feed-in tariff than for the subsidy. Since the feed-in tariff vari-

able is a present value calculation, it is much more sensitive to changes in discount

rate assumptions than the subsidy variable.

I now consider an extension to this calculation, in order to test the hypothesis that

feed-in tariffs lead to solar PV adoptions in more optimal locations. As discussed in

section 2.1, the argument commonly cited in support of feed-in tariffs is that they

are more efficient since they encourage installations in sunnier locations. In the

context of this model, households residing in postcodes with higher levels of solar

irradiation will receive higher feed-in tariff payments (since their solar PV system

will produce more electricity), and therefore face more of an incentive to adopt than

a household living in a postcode with lower solar exposure. More installations in

these sunnier areas leads to more electricity being produced by solar power in total,

and therefore higher CO2 abatement. I can test this assertion by allowing γ (the

amount of CO2 displaced by a solar PV system) to vary as a function of location.

We now calculate expected electricity production for a postcode z (EEPz) as:

EEPz =
1.5× IRz × 365× 25

1000

where Q is set to 1.5, and IRz is the average daily solar irradiation level for a

postcode z. γz is calculated as before:

γz = 0.92 t/MWh× EEPz

Therefore γz is a 1 × z vector, with a distinct value for each postcode, instead of

a constant. Therefore, the implied price of CO2 associated with the policy is now
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calculated as:

PCO2 =
G−∆CS

(γz ·∆Qz)
(4)

where the numerator remains the same as in Equation (3), but the denominator is

now the dot product of γz and ∆Qz. The term ∆Qz denotes a 1× z vector, where

each element represents the change in the number of adoptions in each postcode due

to the policy.12

CO2 prices using Equation (4) are presented in Table 9. The CO2 prices associated

with the capacity-based subsidy have declined, although the decrease is negligible.

CO2 prices associated with the feed-in tariff have fallen further, under all three dis-

count rate assumptions. However, this decrease has not been enough to push CO2

prices for the feed-in tariff below that of the subsidy.

Table 9: CO2 prices with γ as a function of location

Policy 3% 5% 10%

Subsidy $84 $83 $81
Feed-in tariff $236 $190 $117

I calculate an upper bound for these CO2 prices by setting the change in consumer

surplus, ∆CS, to be equal to zero. Thus, Equation (4) now becomes the following:

P ub
CO2

=
G

(γz ·∆Qz)
(5)

Table 10 lists each of the upper bound prices. The subsidy price does not increase

by much, but there is a significant increase in the price associated with the feed-in

tariff.

12In Equation (3), ∆Q is equal to the sum of each element of ∆Qz; that is, ∆Q =
∑
z

∆Qz.
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Table 10: Upper bound for CO2 prices

Policy 3% 5% 10%

Subsidy $88 $88 $88
Feed-in tariff $307 $290 $252

Next, I calculate CO2 prices associated with the capacity-based subsidy using the

fixed effects models, and allowing gamma to vary across location. Therefore, I use

Equation (4) for the following calculations. I only consider the subsidy here, since

the fixed effects models predict that the feed-in tariff contributes little to no CO2

abatement, and therefore the deadweight loss from the feed-in tariff is effectively

the entire cost of the scheme.

Table 11: CO2 prices for subsidies under fixed effects models

Model 5%

Postcode FE $91
Postcode and year FE $124

Again, I use Equation (5) to calculate an upper bound on the CO2 prices for the

fixed effects models, and find that the rounded values of P ub
CO2

for each are the same

as the values presented in Table 11. Thus, the results suggest that the change in

consumer surplus is minor compared to the amount of government spending on the

policy, and that the prices presented above are effectively upper bounds on the CO2

price.
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7 Discussion

7.1 Are subsidies or feed-in tariffs more cost-effective?

We can now use the implied CO2 prices to evaluate the cost-effectiveness of each

type of policy. First, I consider the results of the fixed effects models. In all three,

feed-in tariffs were found to have no significant effect on household utility. Conse-

quently, the preferred models (with postcode fixed effects, and both postcode and

year fixed effects) predicted that feed-in tariffs contributed to less than 1% of solar

PV adoptions during the sample period. Since the feed-in tariff was found to be

almost entirely ineffective, these models unambiguously indicate that the capacity-

based subsidy is a far more cost-effective policy.

However, as discussed in section 6.2, it is possible that data limitations have ren-

dered the fixed effects models less informative with respect to the effect of feed-in

tariffs. To reiterate, the feed-in tariff only operated for 15 months; a small win-

dow of time compared to the subsidy, which spanned the entire sample period (145

months). Also, there may be cause for concern about the amount of cross-sectional

variation in the feed-in tariff variable, due to limited differences in average daily

solar exposure across NSW. Thus, it is possible that adding fixed effects by year

and postcode may have artificially removed any effect that the feed-in tariff may

have had on household utility. With this in mind, it is worth supplementing the

results from the fixed effects models with the predictions from models without fixed

effects.

Model 2 suggests that the cost of abating one tonne of carbon dioxide by using

a capacity-based subsidy lies within a range of $81 to $84, depending on the rate at

which households discount future benefits and costs. This range is relatively narrow,

implying that the estimate of the CO2 price of the subsidy is little affected by the

choice of discount rate. On the other hand, the estimated cost of abatement through
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the use of a feed-in tariff falls within the range of $117 to $236, with the precise

estimate fluctuating based on the chosen discount rate. However, even after taking

into account the variation in the estimated CO2 price of the feed-in tariff, it is clear

that the cost of the subsidy lies well below that of the feed-in tariff in all cases.

This result is strengthened by the calculation of upper bounds on the implied CO2

prices; in this scenario too, subsidies fared better than feed-in tariffs. Overall, the

analysis suggests that a capacity-based subsidy is a more cost-effective instrument

in achieving CO2 abatement.

The finding that feed-in tariffs are less cost-effective than capacity-based subsidies

contrasts with much of the literature. Stern, for example, argues that feed-in tariffs

are the more efficient incentive scheme, since they would achieve larger deployment

at a lower cost (2007, p. 416), and other studies have come to similar conclusions

(Butler and Neuhoff 2008, Rowlands 2005). The argument in favour of feed-in tariffs

rests on the expectation that it will encourage installations in sunnier locations. In

the preceding analysis I take into account this feature of feed-in tariffs by predict-

ing both the number of additional solar PV adoptions due to each policy, as well

as the location of these extra installations, using Model 2 estimates. The implied

CO2 price for the feed-in tariff does fall by more than the subsidy, indicating that

calculating a static CO2 price for the feed-in tariff without considering the location

of installations will likely lead to an overestimate. However, even after accounting

for location, feed-in tariffs are associated with a higher CO2 abatement cost than

the capacity-based subsidy.

Given the model estimates presented in Tables 4 and 5 in section 6.1, it is un-

surprising that subsidies are found to be the more efficient policy. The coefficient

on the subsidy variable is larger in magnitude than the coefficient on the feed-in

tariff variable across all models estimated in this analysis, both with and without

adding fixed effects, and under different discount rate assumptions. This implies
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that consumers are more responsive to the capacity-based subsidy compared to the

feed-in tariff. There are intuitive reasons as to why this might be the case. There

is a psychological aspect arising from the difference in the timing of each incentive

that may work in favour of subsidies. The subsidy is an easily quantifiable sum paid

at the time of installation, while feed-in tariffs are a stream of benefits received over

a period of time, depending on the date of installation. Since the largest barrier

usually associated with solar PV adoption is the high upfront cost of the system,

subsidies may be better placed to assist households in overcoming this hurdle, which

is a central motivation for implementing solar PV incentives.

We can compare whether the size of these CO2 price estimates align with those

found in the literature. Burr (2014) calculates an average CO2 price of $120 for

total subsidies in California, which is of a similar magnitude to the prices calculated

here. These are somewhat larger than the implied CO2 prices calculated by Hughes

and Podolefsky (2013), who find the cost of abatement associated with the Cali-

fornia Solar Initiative program to lie between $46 and $69 per tonne. Both studies

use different models to investigate the same program, and yet there is a significant

difference in both sets of estimates, implying that the CO2 price estimates are sen-

sitive to modelling choices.13

Perhaps a more meaningful evaluation involves comparing the estimates in this study

with other Australian studies. An analysis conducted by the Grattan Institute (Da-

ley and Edis, 2011) calculates implied CO2 prices for difference Australian policies

which aim to reduce emissions. They do not evaluate feed-in tariffs, but they do

find that the Renewable Energy Target (RET) has a cost of approximately $30 to

$70 per tonne of CO2, while rebates have a cost around $200 to $300. Grattan

Institute’s evaluation considers the effect of the renewable energy target on not only

small scale solar PV (the focus of this thesis), but also large scale solar PV and

13Hughes and Podolefsky (2013) use a regression discontinuity design, while Burr (2014) uses a
dynamic discrete choice model, as I have used here.
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all other forms of renewable energy affected by the RET. On the other hand, the

Productivity Commission evaluates various renewable energy policies and finds a

cost per tonne of CO2 abatement between $44 and $99. Thus, other studies have

calculated implied CO2 abatement costs that are both lower and higher than the

estimates calculated in section 6.2. In general, the estimates found in this analysis

can be considered as being in line with similar results in the literature, based on the

notion that any differences between them are trivial compared to the variation that

exists in the estimated benefits of CO2 abatement, as discussed below.

7.2 Do solar incentives in NSW pass the cost-benefit test?

Next, I conduct a cost-benefit analysis of capacity-based subsidies and feed-in tariffs.

According to what is termed the ‘Pigovian’ solution, the marginal cost of emissions

abatement through policy intervention should be equal to the marginal damage

caused by the emissions, in other words, the marginal benefit of pollution abate-

ment (Kolstad 2011, p. 243). The marginal benefit is known in the literature as the

‘social cost of carbon’ (SCC); the estimation of which commands a vast literature of

its own. The difficulty in computing an estimate of the SCC lies mainly in the selec-

tion of a suitable rate at which to discount future benefits. Even when using a single

model, estimates of the SCC can vary widely; Nordhaus (2014, p. 248), for example,

calculates estimates that range from $6.40 to $1495, depending on parameter and

discount rate assumptions. The Interagency Working Group (IWG) on Social Cost

of Carbon, United States Government (Greenstone, Kopits and Wolverton 2013)

find average SCC estimates ranging from $11 to $52.14. Johnson and Hope (2012),

on the other hand, find that the SCC is at least between $55 and $266. What is

clear from this and other attempts to quantify the SCC is that the precise figure

rests heavily on underlying assumptions.

14Although the set of estimates by the IWG are considered influential (Nordhaus 2014, p. 294),
Ackerman and Stanton (2011) provide a vigorous critique of the models and assumptions used in
their calculation, describing the estimates as being both ‘dangerously low’ and a ‘gross miscalcu-
lation’.
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I use the Stern Review’s (2007, p. 344) estimate of the SCC in order to evalu-

ate solar PV incentives in NSW, since it is close to the central figure used by the

UK government (Ackerman and Stanton 2011, p. 17), and because the parameter

values used in the calculation are similar to those used in the Garnaut Climate

Change Review (2008, p. 19). The Stern Review finds the SCC to be approxi-

mately $85 per tonne of CO2. The estimates of the CO2 price of the subsidy range

from $81 to $124. Those estimates on the lower end of this range suggest that the

capacity-based subsidy passes the cost-benefit test, while those on the higher end

would suggest otherwise. The cost of the feed-in tariff however, at a range of $117

to $236, appears to conclusively exceed the potential benefits of the scheme.

Daley and Edis (2011, p. 6) employ a more ad-hoc method of policy evaluation,

perhaps in an attempt to avoid any assumption of the SCC. They state upfront that

they viewed a cost of up to $50 per tonne as ‘acceptable value’, greater than $50 as

‘questionable without substantial benefits in enhanced capacity to abate emissions

in the future’, and more than $100 as ‘too expensive’. Under this criteria, capacity-

based subsidies might still be deemed reasonable, given that the development of the

solar PV industry would significantly increase the potential for longer-term emis-

sions abatement. Feed-in tariffs fall into the category of ‘too expensive’. However

if we consider only the largest estimate of the cost of the subsidy, these too would

fall into this category. It would appear that the most concrete conclusion that can

be made based on this discussion is that the question of whether solar incentives in

NSW pass the cost-benefit test hinges greatly on which estimate of the SCC is used.

7.3 Limitations and extensions

The results of this thesis are subject to several limitations. First, the assumption

that households are able to perfectly forecast the value of each state variable in the

future may be strong. This perfect foresight assumption might be justified over a

shorter time horizon. For example, it is not unreasonable to assume that a house-
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hold has some prior knowledge of the trajectory of solar PV prices or subsidies.

Indeed, there was much media focus on renewable energy policy in Australia in the

months prior to any significant change in policies. This argument becomes strained

as the number of time periods increase, however, and is much harder to justify in

relation to the thirteen year dataset that is considered here. A possible extension

of this research would be to instead specify that state variables follow a Markov

process, and assume that households are aware of the transition probabilities from

each state. This could be compared with the results of perfect foresight models in

order to gauge the sensitivity of the conclusions to various assumptions.

The assumption that all adoptions observed in the data are associated with a 1.5

kilowatt PV system may also contribute to an inaccurate evaluation of policies, since

a feed-in tariff may do more to encourage installations of a larger capacity. This

is a weak argument in support of feed-in tariffs however, since all subsidies in this

dataset are also capacity-based. This means that larger solar PV systems receive a

larger subsidy amount, and therefore subsidies also provide some incentive to pur-

chase a larger solar PV system. Thus, it is unclear as to whether this assumption

may bias one policy over another. However, it may underestimate the true benefits

of all solar incentive policies, since it does not take into account the observation that

the average size of a solar PV system installed in Australia has been increasing over

time. A possible extension to this analysis is therefore to use a multinomial logit

to account for the choice between various system sizes, or allowing the system size

to vary by year and postcode. The multinomial logit model could not be estimated

here due to data constraints; data was only available for the number of small-scale

solar PV installations in a postcode, not the size of each installation. Increasing

the system size could also be problematic, as it may violate the assumption that

households consume all the electricity produced by the system. This assumption

was necessary for an accurate calculation of the electricity revenue variable.
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Another limitation of this analysis lies in the aggregation of individual level choices

to the postcode level. This was unavoidable, since choice data was not available

on a household level. If this could be obtained, it would allow a richer analysis

of solar PV adoptions. Households in a postcode will be heterogeneous, and they

would experience different utility preferences and shocks from each choice. This in

turn implies that they have different conditional choice probabilities. Being able to

control for household level characteristics would be likely to significantly improve

the predictive power of the model.

The analysis in this thesis has also been restricted by other data constraints. System

price data, as discussed in section 6.1, could only be obtained on a yearly, nation-

wide basis. While this may be enough to capture the general trajectory of solar PV

system prices, observation of actual prices paid by consumers in NSW is likely to

increase the accuracy of the analysis. There is variation in the price of a solar PV

system across different Australian states. For example, in October 2014, the price of

an average 1.5 kilowatt solar PV system in Sydney was $3,067, while in Perth it was

approximately $2,867 (Solar Choice 2014). There is also some variation in the price

offered by different solar companies within NSW. Thus, it would be worthwhile to

repeat this analysis using more detailed system cost data, if it could be obtained.
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8 Conclusions and Policy Implications

The results of this analysis suggest that government solar PV incentive schemes

were responsible for 56 - 81% of solar PV adoptions in NSW between 2001 and

2013. Consumers are found to be more responsive to capacity-based subsidies com-

pared to feed-in tariffs. This may be due to psychological factors, since the benefit

of the subsidy is a direct, lump sum payment, whereas the benefit of the feed-in

tariff is a present value calculation. However, it may also be because the subsidy

allows households to overcome the initial cost barrier in adopting a solar PV system.

Capacity-based subsidies are also found to be a more cost-effective policy than

feed-in tariffs, contrary to the general consensus in the literature. That is, for a

given level of spending, capacity-based subsidies achieve a higher level of carbon

dioxide abatement than feed-in tariffs. Using a social cost of carbon (SCC) of $85,

the feed-in tariff definitively fails the cost-benefit test. In the case of the subsidy,

most cost estimates lie below this figure, although the upper range of estimates do

exceed $85.

Although we may not be able to conclusively state whether or not these solar PV

policies satisfy Pigovian optimality, the results still have implications for government

policy. Firstly, the results of this thesis suggest that feed-in tariffs may not be as ef-

fective as it is generally regarded in the literature. Even if we exclude consideration

of the fixed effects models (which suggest that feed-in tariffs are ineffective), the

costs associated with CO2 abatement under a feed-in tariff lie above most SCC es-

timates. More importantly, it appears that other policies can achieve the same level

of emissions abatement at a lower cost. While it does not seem likely that feed-in

tariffs will be reinstated in NSW, these implications are relevant for countries that

have not yet experienced the proliferation of small-scale solar PV that has occurred

in Australia and other major solar PV countries.
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Perhaps the most interesting implication of this analysis is its application to the

current debate over the Renewable Energy Target in Australia. A review panel has

recommended that the scheme should be cut back dramatically, calling for the gov-

ernment to find a lower cost method of reducing CO2 emissions (Cox 2014). Here, I

have categorised the operation of the RET scheme in relation to small-scale residen-

tial solar PV as a capacity-based subsidy, since it is essentially a discount on the cost

of a solar PV system from the perspective of the household. The results indicate that

capacity-based subsidies are relatively effective in encouraging the uptake of solar

PV systems in NSW, responsible for at least 56% of solar PV installations during

the sample period, and potentially as much as 78%. However we cannot conclude

the same with respect to its effect on other types of renewable energy technologies,

including large-scale solar PV, based on these results alone. In relation to small

scale solar PV, even choosing the largest abatement cost of approximately $124 per

tonne of CO2, it is within the range of mitigation costs on which the UK government

bases its carbon price ($41 - $124). Thus, it is not unreasonable to claim that the

operation of the RET in terms of small-scale solar PV is economically justified.
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Appendix

A.1 Data description

Variable Description Source

Solar PV adoption Number of small-scale solar PV installations Clean Energy
in each postcode, monthly observations. Regulator

Households Number of households classified as ‘occupied private ABS Census
dwellings’. Both ‘separate house’ and ‘semi-detached’ 2006, 2011
dwellings are included.

System prices 1.5 kilowatt solar PV system prices in Australia, yearly APVI
(p) frequency, measured in dollars.

Solar Irradiation Average daily solar irradiation level for each postcode, Bureau of
(IRtz) monthly observations. Measured in kWh/m2/day. Meteorology

Solar Irradiation Daily mean solar irradiation level for each postcode, Bureau of
(IRz) (average of IRtz over all time periods); 244 observations. Meteorology

Measured in kWh/m2/day.

Electricity prices Monthly average of daily electricity price. AEMO
(Ct) Measured in cents/kWh.

Subsidy Monthly subsidy value, measured in dollars. Ausgrid
(s)

Feed-in tariff rate Gross feed-in tariff, measured in cents/kWh. APVI
(fit)

ABS - Australian Bureau of Statistics, APVI - Australian Photovoltaic Institute,
AEMO - Australian Energy Market Operator.
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A.2 Parameter values

Parameter Value Source

Panel degradation 0.8% Burr (2014)
rate (αD)

Electricity price 5% Calculated based on
escalation rate (αe) AEMO data

Annual discount 3%, 5% or 10% NA
rate (β)

Monthly discount Calculated as NA

rate (βm) (1 + β)
1
12 − 1

A.3 Summary statistics for alternative discount rates

Table 12: Summary Statistics (β = 3%)

Variable Mean Standard Minimum Maximum No. of
Deviation observations

System price 14,491 5,523.14 3,750 21,000 35,380
Subsidy 5,202.76 1,842.61 1,800 9,250 35,380
FIT revenue 7,172.49 3,097.35 0 11,512.32 35,380
Electricity revenue 6,741.14 1054.56 4,708.60 9,796.45 35,380
No. of installations 2.66 10.12 0 353 35,380

Table 13: Summary Statistics (β = 10%)

Variable Mean Standard Minimum Maximum No. of
Deviation observations

System price 14,491 5,523.14 3,750 21,000 35,380
Subsidy 5,202.76 1,842.61 1,800 9,250 35,380
FIT revenue 5,967.25 2,543.63 0 9,449.75 35,380
Electricity revenue 3,696.12 578.21 2,581.69 5,371.33 35,380
No. of installations 2.66 10.12 0 353 35,380
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A.4 Bootstrapping procedure

I use a nonparametric bootstrap as described in Wooldridge (2009) in order to

calculate standard errors for coefficients in the dynamic model. I draw 244 postcodes

randomly, with replacement, from the dataset. For each random sample, an estimate

of the vector θ is calculated using the nested maximum likelihood method. I repeat

this process of random draws and resampling 100 times and obtain 100 estimates of

θ. Let θ̂(b) denote the estimate from bootstrap sample b. Therefore, the bootstrap

standard error of θ̂ is the sample standard deviation of each of the 100 estimates

θ̂(b):

bse(θ̂) =

[
(100− 1)−1

100∑
b=1

(θ̂(b) − ¯̂
θ)2

] 1
2

Due to the considerable computation time involved in estimating the models

including postcode fixed effects, the data was only resampled 10 times to calculate

standard errors for each of these models.

A.5 Maximum likelihood estimation- 3% discount rate

Table 14: MLE Results (β = 3%)

Variable Model 2

System cost −3.92× 10−4***
(1.39× 10−5)

Subsidy 4.69× 10−4***
(2.05× 10−5)

Feed-in tariff 1.14× 10−4***
(4.01× 10−6)

Electricity revenue 4.34× 10−4***
(7.09× 10−5)

Constant -8.89***
(0.61)

Observations 35,380
Log-likelihood -669,727
LR χ2 204,638

*, ** and *** constitute significance at a 10%, 5% and 1% significance level respectively
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A.6 Counterfactual - 3% discount rate

Table 15: Number of adoptions with and without incentives (Model 2)

With incentives Without incentives Difference Percentage

Subsidy 94,253 20,283 73,970 78%

Feed-in tariff 94,253 80,079 14,174 15%

Subsidy and 94,253 18,117 76,136 81%
feed-in tariff

A.7 Maximum likelihood estimation- 10% discount rate

Table 16: MLE Results (β = 10%)

Variable Model 2

System cost −3.92× 10−4***
(1.40× 10−5)

Subsidy 4.67× 10−4***
(1.30× 10−5)

Feed-in tariff 1.38× 10−4***
(5.37× 10−6)

Electricity revenue 7.93× 10−4***
(1.69× 10−4)

Constant -8.87***
(0.61)

Observations 35,380
Log-likelihood -669,587
LR χ2 204,918

*, ** and *** constitute significance at a 10%, 5% and 1% significance level respectively
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A.8 Counterfactual - 10% discount rate

Table 17: Number of adoptions with and without incentives (Model 2)

With incentives Without incentives Difference Percentage

Subsidy 94,253 20,332 73,921 78%

Feed-in tariff 94,253 79,813 14,440 15%

Subsidy and 94,253 18,125 76,128 81%
feed-in tariff
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