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Abstract

Recent dynamic peak price trials have been effective in reducing electricity usage by
between 10% and 50% during dynamic peak price hours (Farugui and Sergici, [2010)).
This thesis examines the extent of reductions in electricity usage for a dynamic peak
price (DPP) and dynamic peak rebate (DPR) trial in N.S.W., Australia.

I find that households on a DPP trial reduce electricity usage by 29% and up to 34%
if combined with feedback technology. Households on a DPR trial reduce usage by
11% but only 8% when combined with feedback technology.

The models are then extended to analyse if households’ load shift from the more
expensive peak event times to the relatively cheaper adjacent hours. I find that
there is some evidence of load shifting for a number of treatment groups. Finally,
I consider models for habit formation to determine whether experiencing multiple
peak events will change households’ behaviour throughout the trial. I conclude that
if there is a break in peak events then households increase their electricity usage,

but this effect reverses after repetition.



CHAPTER 1

Introduction

Dynamic peak pricing has been discussed as an alternative to standard flat rate and
time of use pricing for a number of years. It provides a method by which electricity
suppliers can offset the higher cost of electricity in the peak afternoon times on
extremely hot or cold days. This is achieved by charging more for electricity at

these times, reducing peak load.

Recent dynamic peak price trials have been effective in reducing usage by between
10% and 50% during dynamic peak events (Farugui and Sergici, 2010). This thesis
contributes to the existing literature by analysing how households respond during
dynamic peak price events when on a dynamic peak price (DPP) tariff or a dynamic
peak rebate (DPR) in N.S.W, Australia. I then extend these models to consider
whether households load shift. Load shifting occurs when households shift usage
from the more expensive peak event times to the relatively cheaper periods prior
to (and post) a peak event. Finally I consider whether households form habits as a

result of experiencing peak events.

Only Wolak| (2006) and Jessoe and Rapson| (2014) have analysed load shifting
and habit formation. Despite the lack of research these areas are important
in understanding households’ behaviour and the implications for the electricity
suppliers. I provide a deeper analysis than has existed to date on the extent of
load shifting and habit formation when households experience dynamic peak price
events. Additionally I allow for household’s habits to be more complex than that

which has been considered in the past.

1.1 MOTIVATION AND SIGNIFICANCE

Electricity demand varies greatly over the course of the year, month and day. As
a result, the supply of electricity must also vary since storing electricity is difficult.
When varying the supply of electricity to meet demand, suppliers encounter a wide

range of marginal costs. The marginal cost of electricity varies over time for several



reasons. |Joskow and Wolfram| (2012) outline several of these: 1. The demand
for electricity varies considerably both throughout a day and across days. 2. It
is uneconomical to store electricity in most situations. 3. The optimal mix of
generating capacity to balance supply and demand at all hours given 1. and 2.
includes a combination of base load capacity with high construction costs and low
marginal operating costs, intermediate capacity with lower construction costs but
higher marginal operating costs, and peaking capacity with the lowest construction
costs and the highest marginal operating costs. At times when demand is low,
base load capacity is sufficient. As demand rises, generating capacity with higher
marginal cost is used to equate demand with supply. Typically marginal costs
are lowest at night and higher in the afternoon periods. They become very high
on extremely hot or cold days, depending on the price of substitute fuels and the

generation methods available in a region.

Given the nature of the electricity market a standard flat tariff does nothing to
equate the supplier’s marginal cost with their marginal revenue. A policy to address
this imbalance could reduce peak demand, raise peak marginal revenue, or achieve
some combination of the two. This thesis focuses on the effects of policies that aim
to reduce residential peak demand. In practice this is achieved through peak-load
pricing which encompasses a range of pricing mechanisms and was first suggested
more than 50 years ago by Kahn (1970) and Boiteux] (1960)).

Historically one of the methods that has been used to address this issue is “Time
of Use” (ToU) pricing. ToU tariffs typically have high peak prices on weekday
afternoons and lower off-peak prices throughout the rest of the week. Several
experiments have been conducted by |Atkinson|(1979), |Caves and Christensen| (1980)),
Caves and Christensen| (1984) and Herriges, Caves, and Christensen| (1984) that
suggest ToU pricing reduces demand in the high cost periods and increases usage
in the off-peak periods. Whilst this will help address peak demand problems
somewhat, on the extreme days when demand is at its highest, ToU pricing provides
no additional incentive to reduce electricity usage. This is because ToU pricing
only reflects long-term average expectations of daily peak marginal costs (Crew,
Fernando, and Kleindorfer} 1995).

Until recently price based responses, such as dynamic peak pricing and real time
pricing (RTP), had not been possible due to the limitations of the metering
infrastructure. Older meters were unable to have two way communication and thus
changes in price could not be immediately enacted. ToU pricing, with two or three
different prices at a set time of the day, was the most flexible pricing mechanism

that could be implemented. Now, new smart meters send real time consumption



data to the utility provider and can receive notification of price changes in real
time. Furthermore, developments in smart meter technology have seen the costs
decline and functionality increase (Joskow and Wolfram| 2012). Communications,

data storage, processing and acquisition have all improved drastically.

One such method that can now be implemented is real time pricing (RTP). These
rates most closely relate time-dependent marginal wholesale costs with price. Allcott
(2011)) found that RTP does reduce peak demand as desired, however |Kiesling] (2008))
found that RTP has a smaller effect than DPP in an experiment in Washington, with
reductions of 15-17% for RTP and 20% for the DPP group. In general though, policy
makers view RTP as too complex for small electricity users and are reluctant to allow

residential customers to face the volatile wholesale market.

More recently dynamic peak pricing has been suggested and examined as a form
of peak-load pricing. Dynamic peak pricing (also known as critical peak pricing)
commits to several consecutive hours of high prices on a limited number of extreme
weather days throughout a year. These extreme days are typically days that are
predicted to be very hot or very cold and customers are notified in advance of the

event times (often 30 minutes to 24 hours in advance).

Given the issues with ToU pricing and RTP, dynamic peak pricing is a desirable
alternative. Dynamic peak pricing has the potential to mitigate the adverse impacts
of high and volatile wholesale prices in several ways. |Herter, McAuliffe, and
Rosenfeld (2007)) provide a summary of these benefits: 1. Dynamic peak pricing can
be used to encourage decreased electricity usage during periods of low supply or high
congestion. 2. Dynamic peak pricing can assist in lowering wholesale market prices
by decreasing the need for electricity production from high cost peaking generators.
3. Dynamic peak pricing counteracts electricity wholesaler’s ability to raise prices in
the spot market. 4. It can be used to reduce the need for more peaking generators
to be built. Evidently dynamic peak pricing has many benefits and is worthwhile

considering as an alternative form of electricity pricing.



CHAPTER 2

Background Literature

In this chapter I outline the history of dynamic peak pricing, its implementation and
performance in several studies throughout the world. I present some key findings

which serve as a comparison to my findings in Chapter 5.

2.1 RECENT TRIALS OF DYNAMIC PEAK PRICING

In 2003-2004 a dynamic peak price trial known as the Statewide Pricing Pilot (SPP)
was conducted in California and analysed by Herter et al. (2007), [Herter (2007) and
Herter and Wayland, (2010)). Herter et al.| (2007) found that households reduced their
usage by 13% of baseline load, during temperature driven, five hour peak events|[l]
This effect increases to 41% when combined with technology. |Herter| (2007) showed
high-use customers respond significantly more than low-use customers in terms of
kWhE] reductions, but low-use customers save more in percentage reduction of annual
electricity bills. Thus there are equity issues when deciding who should be placed
on a dynamic peak price tariff. |Herter and Wayland| (2010) found that raising the
price during dynamic peak events from $0.50/kWh to $0.68/kWh did not change
households’ responsiveness. Additionally they found that customers responses are

dependent on dwelling characteristics and climate.

Another study carried out in California was the Advanced Demand Response System
pilot in 2004-2005. This study was carried out on a subset of customers from the SPP
and is discussed in (Rocky Mountain Institute) 2006). Participants in this program
were still on a dynamic peak price tariff but also had an advanced home climate
control system installed. This system enabled them to web-program their preferences
for the control of home appliances. The dynamic peak price was three times the
ToU price and the reductions in 2004 were as high as 51% and in 2005 were 43%.

Since participants of the Advanced Demand Response System had load reductions

IBaseline load refers to load that would have otherwise occurred if there was not a peak event.
2kWh stands for kilowatt hours and refer to the amount of energy a device uses. For example
an electric heater rated at 1000 watts (1 kilowatt), operating for one hour uses one kWh.



consistently larger than those without the technology (in the SPP program) it was

concluded that technology was the main driver of these results.

A study was conducted in Missouri in 2004-2005 on dynamic peak pricingE] and
analysed by RLW Analytics| (2004). Two treatment groups are of interest: Group
1 had ToU pricing with a DPP component, and Group 2 had ToU with a DPP
component and technology (smart thermostat). These groups reduced their usage
during dynamic peak periods by 12% and 35% in the Summer of 2004; the reductions
during dynamic peak periods were 13% and 24% in the Summer of 2005. The
difference in reductions during peak events in the following year is worth noting.
Few trials have been able to consider households’ responsiveness over an extended
period of time. In this thesis I explore households behaviour over a similar period

of time but focus more on the periods in-between peak events.

During the summer of 2005, the City of Anaheim Public Utilities ran a dynamic peak
rebate experiment. [Wolak| (2006 examines the behaviour of households receiving a
rebate of $0.35/kWh if they reduced their usage below a baseline level and nothing if
they did not lower usage. He found that households used 12% less electricity during
peak events. Additionally there was no evidence of load shifting to days adjacent
to a dynamic peak rebate event during peak or off-peak periods. There are a few
problems with this experiment though: Firstly, the rebate calculation provided a
strong incentive for households to increase their consumption during peak-periods on
non-peak price days days. Secondly, the dynamic peak rebate mechanism guarantees
that a customer’s monthly bill does not exceed what the customer would pay under

the standard increasing block tariff.

Wolak| (2011)) analysed data from the PowerCentsDC program which investigated
the impact of a variety of price tariffs starting in July 2008. The paper considered
three treatment group: RTP, DPP and a dynamic peak rebate (DPR) group (who
receive a rebate for reducing usage during the peak event). The dynamic peak rebate
and dynamic peak price groups are almost identical in regards to the prices faced
and thus were pooled together to find a single estimate. Dynamic peak price and
dynamic peak rebate events are found to result in households reducing usage by 9%

on average across the year.

Faruqui and Sergici (2011) analysed data from a trial conducted in Baltimore. The
study followed the same households over two consecutive summers in 2008 and 2009.

It found that households participating in dynamic peak pricing in the summer of

3Throughout the paper RLW Analytics refers to these events as a Critical Peak Price events,
but they are essentially the same as a Dynamic Peak Price (DPP) event. For the rest of this
chapter I will refer to all peak events as DPP events.



2008 with no feedback technology reduced their usage by 20%. Those with a dynamic
peak price tariff and feedback technology reduced their usage by 32.5% on average
in the Summer of 2008. Additionally a treatment group that received a rebate was
analysed. The households that received a rebate but had no technology reduced
usage by 18% with a low rebate and 21% if they had a higher rebate. If they were
given feedback technology this increased to 23% and 26.8%. Finally if they received
technology and had an air conditioning switch, so that the supplier could remotely
turn off their air conditioning, the effect increased to 28.5% and 31%. The following
year the same households seemed to be just as responsive in the similar treatment

groups.

Ida, Ito, and Tanakal (2013) conducted an experiment in which households with in
home displays experienced several different peak prices. Households were notified
a day in advance that the price would be one of five values. The reduction in
usage during peak events was found to vary with price in a statistically significant
manner. When the price was $0.15/kWh electricity usage dropped by 5%. When
the price was increased to $0.45/kWh the reduction in usage was 14%. When the
price increased to $1.50/kWh, the reduction was 18%. Thus they conclude that
increasing prices results in larger reductions but these reductions decrease as price

increases.

Jessoe and Rapson (2014)) conducted a study over two months in Connecticut. They
found that households without in home displays (IHDs) did not respond to dynamic
peak price events whereas households with THDs reduced usage by 14%. Additionally
they found that households with ITHDs that were notified of a dynamic peak event
a day in advance will load shift. In particular they will decrease their usage by 10%
on average both 2 hours prior and 2 hours post event. Evidence of habit formation
was also picked up over the two months of the trial. They estimate the change
in electricity usage by hour of day and find that for the peak hours (noon-8pm)
households decrease their hourly electricity usage by between 0.25% and 0.4% each
day, depending on the hour.

Table [2.1 summarises the key results from these papers.



Table 2.1: Summary of Relevant Literature

Price Increase Change in C[l}z;lgg m

- Pri ) Location

Paper for Pe(a;{)Event UosrzlilgeGrfc’)llrllce Price-+Technology Technology
¢ Y P Group
Heter (2007) 360 13 41 AC Switch California
Rocky Mountain Institute (2006) 300 51 AC Switch California
RLW Analytics (2004) Undisclosed 12 35 AC Switch Missouri
Rebate of
Los Angeles

Wolak (2006) $0.35,/kWh 12 g
Wolak (2011) 550 9 Columbia
Faruqui and Sergici (2011) 800 20 32.5 IHD Baltimore
Ida, Ito and Tanaka (2013) 200 to 900 9to 13 Kitakyushu
Jessoe and Rapson (2014) 250 7 17 IHD Connecticut

Notes: The technology used in these trails were all slightly different. The main function of the air conditioner switch (AC Switch) was to

allow the supplier to turn down or off the air conditioner during peak price events.



The estimation method I use in this study is similar to [Wolak (2011) however I
do not combine the dynamic peak price and dynamic peak rebate groups. I also
extend his model to consider other dynamics that may occur throughout the trial.
In the papers mentioned above, generally larger price increases during dynamic
peak events results in larger reductions in usage. Furthermore households appear to
respond similarly across time, with responses to dynamic peak events a year later
being very similar. These two observations are important when considering my data

since households received a large price increase and are monitored for over a year.

These papers also find decreases in usage during dynamic peak price events vary
widely depending on a number of factors. In particular the magnitude of the
price increase during peak events and the presence of feedback technology alter
household’s responsiveness. When a very small price increase occurs such as in [Ida
et al.| (2013)), an increase of only a few cents, the resulting reduction is only 5%;

when the increase is more moderate it can be up to 41% as in Herter| (2007)).

There is also conflicting evidence of load shifting. [Wolak| (2006)) finds that households
do not load shift to adjacent days but | Jessoe and Rapson| (2014) find that households
do load shift in the 2 hours before and after an event if given feedback technology.
Finally very few papers analyse the existence of habit formation, due predominately
to the short time period in which these trials take place. Thus in this study I shall

further examine these areas and expand on the existing literature.



CHAPTER 3

Experimental Design

The Smart Grid, Smart City Program (“Program”) was part of the Australian
Government’s Energy Efficiency Initiative. It was intended to deliver Australia’s
first demonstration and/or commercial-scale rollout of smart grid technologies.
The Program was one of the largest and most ambitious commercial-scale trial
deployments of smart grid infrastructure in the world and was conducted from 2012-
2014.

The Program was largely focussed on the greater Newcastle and Sydney CBD areas
with some additional areas selected to test specific smart grid applications unrelated
to this paper. The greater Newcastle area was selected as one of the focal points for
the Program due to its mix of regional and suburban characteristics that result in
geography, climate, socioeconomic and demographic factors that are representative
of Australia. Newcastle’s close relationship to the Australian average for customer
demographics is widely accepted and has resulted in the city being used as a test

market for products and services prior to their rollout across Australia in the past.

Within the different local government areas there were over two million people which
equates to over one million households. From this population 7,612 households
participated in the Program and were assigned one of three price tariffs. Some of

these households also received feedback technology.

3.1 PRICING DESIGN

Prior to the Program, participants were on either a flat tariff (“All Time”) or a time
of use (“ToU”) tariff. With the original price structures customers on an All Time
plan paid the same rate all day, every day. For customers on a ToU plan, the rate

varied according to the time of day as per the first panel in Figure 3.1

Once participants began the Program they were assigned one of three pricing designs.
One of the tariffs involved no change to the household’s original price structure. This

pricing design was applied to the control group so that the effects of the other two
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tariffs could be compared to some baseline.

Another price design was the Dynamic Peak Price (DPP) tariff. This involved
changing the cost per kWh of electricity as per Figure Once the Program began
the treatment groups with a DPP tariff had their price changed to 24.53 cents
per kWh between 7am and 10pm and 13.09 cents outside this time. During peak
events the price spiked to 330.00 cents, an increase of more than 1200%. The new
pricing design was developed so that a customer’s annual bill would be cost neutral
if they made no behavioural change during peak events. Additionally, there were
further opportunities to save if participants reduced their usage during the peak
price events. This meant that the peak rate (defined as the rate between 2pm to

8pm) was reduced in order to create cost neutrality. More details on the treatment

group characteristics are discussed in the [Sample Designl section.

Original Pricing New DPP Pricing
All time
5 B 25.84c/kWh 13.09c/kWh
Q 24.53c/kWh
g 24.53c/kWh
_§ I 330.00c/kWh
o N saving relative to ToU
12am 7am 2pm 8pm  10pm 12am
All day, every day
Time of Use

13.09c/kwh [l 52.55¢A4Wh
I 21.34e/kWh

Price Inc-GST
Price Inc-GST

12am 7am 2pm 8pm 10pm 12am 12am 7am 2pm 8pm 10pm 12am
Time (weekdays) Time (weekdays)

Figure 3.1: Pricing Design, adapted from AEFI (2014)

The second tariff applied to some treatment groups was the Dynamic Peak Rebate
(DPR) tariff. Participating customers received a rebate ranging from $0 to over
$100, depending on how much their electricity consumption was reduced compared
to their baseline use on days with similar temperature, at the time of the peak price
event. The average rebate was estimated to be $20 per event for both households
with and without feedback technology. The exact rebate calculation was not revealed

to the customers and there is evidence that the correlation between kWh savings

and rebates was not strong (Frontier Economics, 2014). The implications of this
will be discussed in
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3.2 TECHNOLOGY

In addition to the three tariffs, three feedback technologies were trialled. These
included an in-home display (IHD), an online portal and smart plugs. Participants
were randomly assigned into a group with no feedback technology, one feedback

technology or two feedback technologies.

The in home display (IHD) is a small portable device which provides customers with
near real time pricing and electricity usage information. Text messages were sent to
households to inform them of price changes or peak events via the IHD El Figure

shows an THD and provides a brief explanation of their functionality.

Display screens are simple and
easy to understand

qenergyaware Wireless communication,

magnetic backing and

supporting foot allow for use
throughout the house

— Display provides the following
information via 128x64 graphic
LCD screen:
- Current, accumulated electricity
use in $ or kKWh

- Text message area stores up to
four messages

- Display symbols for signal
strength and battery life

3-colour LEDs indicate pricing
intervals and upcoming peak
price events

Figure 3.2: In-Home Display, sourced from |[AEFI| (2014)

Access to an online portal was provided to certain treatment groups. This enabled
them to view their current electricity usage in real time on a computer, tablet or
smart phone (available on both Apple and Android). Electricity usage could be
displayed in increments of weeks, months or a year. Greenhouse gas emissions could
be estimated based on a household’s electricity usage. The portal had the ability
to compare a customer’s usage with that of other households. Monthly competition
draws were available via the portal. Activities that could earn points for entrants
to then be in the running for a prize included: daily logins, competition enrolment
and weekly quizzes. Figure displays an example of the interface customers in

this treatment group experienced.

!This is in addition to text messages that were sent to households 24 and 2 hours prior to a
dynamic peak event
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Smart plugs were provided to two of the treatment groups (see Figure [3.4)). This
enabled them to analyse their electricity consumption at the device level. Up to ten
individual devices that plugged into a general power outlet could be sub-metered
and controlled by a smart plug. The smart plug enabled devices to be switched
on and off in response to a command received by the smart meter. This command
would be sent by the customer from either the online portal or a mobile device.
The smart plug calculated the electricity usage of the relevant appliance and the
instantaneous power demand. Every 30 minutes the smart meter would wirelessly
collect total accumulated consumption, this was then sent to the online portal to

show the appliance breakdown for all sub-metered appliances.

" Ll Coatart s | My profile | Onling help | FAD'S | Log out
wsmor“grld rtcity X
14 Pine Street, Cammeray
BT TN o
Electricity Use Mow Electricity Costs Greanhouse Gas fiy
Ll [ | - Syaney (15 1)
| EE B = . Partty Cloudy I C
- - == $145° ’ 3.2kecor e
AW - - " - s C
iw EHEEEEEEEEEESm
ENINNNNENEEN 15% n W Lant Mool a&fn n Vs Last Monh Mesmgcs

o o
Peak pricing event

s s e 1o dpm,
F 1oday.

My Electricity Use TOOKY 0@ A pot k¥

o iy

Gt yowar free low
Tarw showeraad and

Hiewh

- 411 Sarwing loday!
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0 Wk -

13am Tom ah Tpm Vi
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Hyda Park s
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ﬁ W&o
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™ I v

Figure 3.3: Online Portal, sourced from AEFT (2014))
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Figure 3.4: Jetlun Smart Plug, sourced from

3.3 SAMPLE DESIGN

The pricing schemes and technologies were interacted to form 11 groups. Table

provides an overview of the size of the treatment and control groups. The control

group contains 2,092 households, more than the vast majority of experiments

conducted to date.

Table 3.1: Size of Treatment and Control Groups

Technology Price

DPP DPR None Total
[HD only 1,048 661 666 2,375
Portal only 338 0 1,325 1,663
[HD and Portal only 0 0 178 178
Smart Plug and Portal only 142 0 65 207
None 415 682 2,092 3,189
Total 1,943 1,343 4,326 7,612

3.4 CUSTOMER SELECTION AND COMMUNICATION

To ensure a representative sample was selected, a sampling trial and trial design

project was undertaken. Futura Consulting, in collaboration with Taylor Fry
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Consulting, were engaged by Ausgrid to assist in the development of the sample
design. The resulting report is known as the Futura Report (2011) and its

recommendations were as follows.

The report found that several variables were important in influencing electricity
usage, electricity efficiency and electricity conservation behaviour. These variables
were recognised as a complex mix of physical factors such as appliance ownership
and climate, socio-demographic factors such as income, age and dwelling size
and psychographic factors that include customer attitudes, beliefs and values. A
wide ranging literature review was undertaken to determine the appropriate socio-
demographic variables to consider when selecting a sample. Thus a stratified sample
was created based on the final sampling variables (referred to as covariates) suggested
by Futura Consulting. These were: electricity usage, climate, income, dwelling type
and gas consumption. Details of these variables, the rationale for their inclusion
and the rationale for those variables excluded are contained in the Futura Report
Futura Consulting| (2011).

Households were divided into three different categories of income, two dwelling types
(unit and not unit), two climate zones (warm temperate and mild temperate), three
levels of electricity usage and three levels of gas consumption as per Table [3.2]
The product of all these different categories resulted in 108 different customer cells
(3%2*2*3*3). The number of participants required to trial each of the combinations
of feedback technology and price tariff was calculated based on the following

constraints, assumptions and estimates:

— Total available population (i.e. residential dwellings matching within the

Program defined areas that are eligible to partake in the trial)

— Population of each cell within the Program defined area (i.e. every available
household within the Program area was allocated to a cell based on the known

or inferred values of each covariate)
— Limited number of meters available to be installed
— Limited number of physical feedback devices available to be installed
— Expected take up rates of each product
— Expected opt out rates for each product

— Control group minimum size requirements (more than 600 households)
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Further constraints were placed upon the selection of customers as the Program
progressed and more constraints were determined (for example, the signal from
the smart meter to the receiver may have been insufficient). Due to a mixture of
experiment design and constraints encountered throughout the Program, there is
significant variation in the size of the treatment groups. Despite the variations in
size the results are unlikely to be impacted since the smallest group still has 65
households and the others have up to 2000.

The final list of all constraints that were placed on the customer selection process

for the Network Trial and associated control group are included in [Appendix A -|

[Additional Research Design Information|

Table 3.2: Covariate Breakdown

Income (p.a)  Electricity Usage (kWh per year) Gas Usage (MJ/Day)

Low < $41,600 1,000-4,500 <38.165
Med  $41,600-62,400 >5,400-9,000 38.165 to <56.474
High > $62,400 >9000 >56.474

Based on electricity usage, climate, income, dwelling type and gas consumption, the
sample and trial design defined the number of households that were required to be
made an offer for each treatment group and the control group, a total of 11 groups,
for each cell (i.e. a 11 x 108 matrix containing the number of offers required). This

process is displayed in Figure |3.5| and Figure |3.6|

Total Ausgrid Household Available Customer Meter
Population Selection Population Acauisition Installation
Filters

Customer
Selection

Sale Success
- %ﬁa - o All Treatment Groups
H- a involving a DPP tariff
— .m0

No Sale Failure

Figure 3.5: DPP Treatment Group Customer Acquisition Process,
adapted from |Ausgrid (2014)

There was a difference in household acquisition procedure due to the tariffs applied
to the different treatment groups. Although the DPP tariff was designed to be cost
neutral, the treatment groups which had a DPP tariff could have received higher
bills. Thus these households had to agree to participate in the Program prior to the
smart meter being installed. The other treatment groups had either no change in the

price structure or were on a DPR tariff, whereby they were receiving extra money
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Total Ausgrid Household Available Meter Customer
Population Selection Population Installation Acauisition
Filters Customer

Selection
Success

> 4 All Treatment Groups except
H. ﬁ those involving a DPP tariff
— -

Failure No Sale

Figure 3.6: Control and DPR Treatment Group Customer Acquisition
Process, adapted from |Ausgrid| (2014)

for using less electricity. Hence these treatment groups had smart meters installed
and then were approached to participate in the Program once their smart meters
were confirmed to be working. Whether people were approached pre-installation or
post-installation is of minimal significance since households would not change their
behaviour if the only thing that changed was the meter sitting outside their house.
What is important is that households were randomly selected to the control or one

of the treatment groups (subject to some non-restrictive constraints mentioned in

[Additional Research Design Information|) and that people were randomly assigned to

a treatment group, conditional on them being willing to participate in the Program.

The customers that already had a properly functioning smart meter installed were
made an offer to participate in the Program as part of the control group or a DPR
tariff group. There were three methods through which customers were asked to

participate.

1. Door to door: Ausgrid expected to achieve the majority of households
acceptances using door to door sales, since this method typically provides

the highest conversion rates.

2. Telephone: Telemarketing was used to contact customers who could not be
contacted via door to door, as well as to call customers in low-density areas in

which it was not cost effective to travel door to door.

3. Direct mail: A mail offer was sent to customers who could not be contacted via
door to door or telesales. This ensured that all customers that had a properly

functioning smart meter had an opportunity to participate in the Program.

Before being assigned to the control group or a DPR treatment group, participants

were asked basic questions to determine their characteristics and ensure they were
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eligible to participate. This was entered into an iPad or desktop computer and then
software would allocate the customer to one of the treatment groups. This software
automatically assigned customers to a treatment group based on their profile and
which targets needed to be filled (of the 108 customer types).

For the customers who were to be invited to participate in the DPP Program
a similar method was used to approach customers. Both door to door and
telesales were used and sales representatives were provided with software for
scripting, customer qualification questions and product information which ultimately
determined which combinations of technology were offered to customers. This
ensured that the selection of customers and assignment to treatment groups were

based on the sampling and trial design process discussed earlier.

Participants were in any of the DPP and DPR treatment groups were notified both
2 and 24 hours in advance as to when a dynamic peak price event would occur.
These notifications were sent as a text message to phones and to households’ IHDs
(if they had one).
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CHAPTER 4

Data

The primary outcome analysed is household electricity usage via high frequency
meter data. Every household had a smart meter installed that captured electricity
usage in 30 minute intervals. Some households were signed up to the Program as
early as October 2011 and data collection began in February 2012. Households were
progressively phased into the Program as they were signed up. By Janurary 2013
75% of households were participating in the Program and this had risen to 90% by
April 2013. The data collection finished in early March 2014 when the Program
finished.

The timing and duration of peak events along with information on the tariff and
feedback technology a household was assigned, is used in the models. Finally
a survey conducted during the Program included many household variables such
as income group, electricity usage group, gas usage group, dwelling type, local
government area, number of children, air conditioning type and whether occupants

were home during the day.

Many households did not respond to all the survey questions, for example only
17% of households reported their income group and dwelling type. To resolve
this problem individual household’s Local Government Areas (LGAs) were used
to estimate their income level. Additionally the dwelling type was inferred based on
number of electricity meters at an address. If there were more than 5 then it was
assumed the property contained units. The electricity usage of the household could
be calculated since Ausgrid was the network service provider and the gas usage could
be calculated at the household level using data supplied by a gas company. Thus
income and dwelling type variables suffer from some level of inaccuracy but this
is hard to quantify without further information. Other variables, such as number
of fridges, number of children, type of air conditioning and whether occupants are

home during the day, were also unreported by a large number of households.

19



4.1 MEAN DIFFERENCES

To determine if there are any large differences between treatment and control groups, I
present a table of summary statistics by group. Tables [4.1] and [4.2] contain the difference in

mean between the control and each of the treatment groups for the household variables of

interest. The mean differences table for the treatment groups that do not experience peak

events is included in

Table 4.1: Mean Differences - Control, DPP, DPP+IHD and DPP+Portal

Control DPP only DPP+IHD DPP—+Portal
Mean Mean Difference Mean Difference Mean Difference

Income

- Low {0,1} 0.405 0.270 —0.135%xx  0.330 —0.075%xx  0.287 —0.118%xx
[0.491] [0.444] [0.026] [0.470] [0.018] [0.453] [0.028]

- Med {0,1} 0.329 0.316 —0.013 0.357 0.028 0.376 0.047
[0.470] [0.465] [0.025] [0.479] [0.018] [0.485] [0.028]

- Hi {0,1} 0.266 0.414 0.148*xx  0.313 0.047xx 0.337 0.071xx
[0.442] [0.493] [0.024] [0.464] [0.017] [0.473] [0.026]

Gas Usage

- Low {0,1} 0.361 0.441 0.080%*  0.600 0.239#x  0.527 0.1665%s%
[0.480] [0.497] [0.026] [0.49] [0.018] [0.500] [0.028]

- Med {0,1} 0.461 0.369 —0.093%*x  0.292 —0.169%*xx  0.269 —0.192%x
[0.499] [0.483] [0.027] [0.455] [0.018] [0.444] [0.029]

- Hi {0,1} 0.178 0.190 0.013 0.108 —0.070%*xx  0.204 0.026
[0.382] [0.393] [0.021] [0.310] [0.014] [0.404] [0.023]

Electicity Usage

- Low {0,1} 0.492 0.475 —0.017 0.448 —0.044% 0.429 —0.063%
[0.500] [0.500] [0.027] [0.497] [0.019] [0.496] [0.029]

- Med {0,1} 0.275 0.299 0.023 0.300 0.024 0.337 0.062:x
[0.447] [0.458] [0.024] [0.458] [0.017] [0.473] [0.026]

- Hi {0,1} 0.233 0.227 —0.006 0.253 0.020 0.234 0.001
0.423]  [0.419]  [0.023]  [0.435]  [0.016]  [0.424]  [0.025]

Dwelling Type

- Unit {0,1} 0.300 0.137 —0.162%%+  0.102 —0.198+*x  0.086 —0.214 5%
[0.458] [0.345] [0.024] [0.303] [0.016] [0.280] [0.026]

- Not Unit {0,1}  0.700 0.863 0.162%*x  0.898 0.198%xx  0.914 0.21 455
[0.458] [0.345] [0.024] [0.303] [0.016] [0.280] [0.026]

Number of HHs 2092 415 1048 338
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Notes: The means are reported by treatment group, with standard deviations in brackets below.
”Difference” displays the difference in means between each treatment group and the control, with
standard errors in brackets below.

***Significant at the 1% level

**Significant at the 5% level

*Significant at the 10% level

Table 4.2: Mean Differences - Control, DPP+Plug, DPR and DPR+IHD

Control  DPP+Portal+Plug DPR only DPR~+IHD
Mean Mean Difference Mean Difference Mean Difference

Income

- Low {0,1} 0.405 0.239 —0.165%xx  0.337 —0.068xx% 0.366 —0.039
[0.491] [0.428] [0.042] [0.473] [0.021] [0.482] [0.022]

- Med {0,1} 0.329 0.324 —0.005 0.320 —0.009 0.297 —0.032
[0.470] [0.470] [0.041] [0.467] [0.021] [0.457] [0.021]

- Hi {0,1} 0.266 0.437 0.170xxx  0.343 0.077xxx  0.337 0.07 Lk
[0.442] [0.498] [0.039] [0.475] [0.02] [0.473] [0.020]

Gas Usage

- Low {0,1} 0.361 0.423 0.062 0.346 —0.015 0.333 —0.028
[0.480] [0.496] [0.042] [0.476] [0.021] [0.472) [0.021]

- Med {0,1} 0.461 0.359 —0.102% 0.356 —0.105%xx  0.360 —0.101%xx%
[0.499] [0.481] [0.043] [0.479] [0.022] [0.48] [0.022]

- Hi {0,1} 0.178 0.218 0.040 0.298 0.120*%*x*x  0.307 0.129%%x
[0.382] [0.415] [0.033] [0.458] [0.018] [0.462) [0.018]

Electicity Usage

- Low {0,1} 0.492 0.479 —0.013 0.491 —0.001 0.486 —0.006
[0.5] [0.501] [0.043] [0.500] [0.022] [0.5] [0.022]

- Med {0,1} 0.275 0.232 —0.043 0.318 0.043% 0.310 0.035
[0.447] [0.424] [0.039] [0.466] [0.02] [0.463] [0.02]

- Hi {0,1} 0.233 0.289 0.056 0.191 —0.042% 0.204 —0.029
[0.423] [0.455] [0.037] [0.393] [0.018] [0.403] [0.019]

Dwelling Type

- Unit {0,1} 0.300 0.021 —0.279%xx  0.264 —0.036 0.257 —0.043%
[0.458] [0.144] [0.039] [0.441] [0.020] [0.437] [0.020]

- Not Unit {0,1}  0.700 0.979 0.279**xx  0.736 0.036 0.743 0.043x%
[0.458] [0.144] [0.039] [0.441] [0.020] [0.437] [0.02]

Number of HHs 2092 142 682 661

Notes: The means are reported by treatment group, with standard deviations in brackets below.
”Difference” displays the difference in means between each treatment group and the control, with
standard errors in brackets below.

***Significant at the 1% level

**Significant at the 5% level

*Significant at the 10% level
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The mean differences between the control and each of the treatment groups show a
statistically significant difference in means for a number of the variables (denoted
by the stars). The income category tends to be statistically different between the
control and each of the treatment groups for both low and high usage but not
medium. Perhaps more importantly, the electricity usage for all categories does not
differ between the control and each of the treatment groups at the 5% significance
level. As mentioned earlier, some of these variables, such as income category and
dwelling type, had to be assumed. Thus the mean differences for these variables
may be somewhat inaccurate. Gas usage on the other hand was sourced from the

supplier and can be regarded as accurate.

It appears that the DPP+IHD treatment group has more low gas users and fewer
medium and high users. When interpreting the results for the DPP+IHD treatment
group it is important to remember that they were likely to be higher users of
electricity already, since they use low amounts of gas, and thus have more ability to
decrease electricity usage compared to other groups. There are also less households
that live in a unit in each of the DPP groups compared to the control group which
means this group is likely to consume less electricity. The effect on electricity usage
of living in a unit may balance to some extent with the low gas usage of these
households. Thus the electricity usage appears to be fairly evenly distributed across
the groups when it is in fact due to other reasons. Regardless of the differences
between the control and treatment groups, the models I will use take into account
the inherent differences between households, including the treatment groups they

are assigned to.

4.2 FREQUENCY OF EVENTS

DPP and DPR events were scheduled during 2013 and early 2014. Figures
and show when the peak events occurred. It is also important to note that
the number of customers participating in these events increases drastically after the
first few events. This is due to households still being invited to participate in the
Program and the length of time required to install smart meters and technology in
households. After a couple of events had passed the number of households in the
Program reached a relatively stable level. Whilst this is not ideal the households

that joined the Program initially are relatively similar to those that joined later.

Table [A.1] and [A.2] in [Appendix Al show the timing and duration of the different
events. Events range from two to fours hours and start and finish on the hour or
half past the hour.
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Figure 4.1: DPP Event Timing
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Figure 4.2: DPR Event Timing

4.3 GRAPHICAL ANALYSIS

In order to gain an initial understanding of what is happening during peak events,

I graph all the treatment groups responses during the peak events.

Figures - depict the average usage for each group with a DPP tariff, on
DPP event days. In nearly all the events it appears that the DPP treatment groups
respond (to varying degrees) to the peak price events. Generally the treatment
groups reduce their usage to below that of the control group, during peak events.
An exception is Figure 4.3 where the treatment groups reduce their usage, but
not to a level lower than the control group. What is important is that their usage

is declining relative to the treatment group. There is also some evidence of load
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shifting; we see spikes in electricity usage immediately before and after peak events.
Furthermore the spikes surrounding the peak events appear symmetric such that
the increase before a peak price event is of similar size to the increase after a peak

price event, relative to the control group.
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Figure 4.3: DPP 2013-02-26
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Figure 4.4: DPP 2013-03-22
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Figure 4.5: DPP 2013-11-28
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Figure 4.6: DPP 2013-12-09
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Figure 4.7: DPP 2013-12-10
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Figure 4.8: DPP 2014-01-16
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Figure 4.9: DPP 2014-01-29
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Figure 4.10: DPP 2014-01-30
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Figure 4.11: DPP 2014-02-13

Figures - show the DPR treatment groups responding to many of the
peak events. The magnitude of the responses appear smaller than during the DPP
events. Whilst it appears that the treatment groups are responding minimally to
the peak events, the scale must be considered. As a percentage reduction relative
to the control group, the responses appear to still be as large as 10% during some

events.
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Figure 4.12: DPR 2013-01-17
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Figure 4.15: DPR 2013-03-07
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Figure 4.16: DPR 2013-03-13
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Figure 4.19: DPR 2013-07-24
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Figure 4.20: DPR 2013-08-02
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Figure 4.21: DPR 2013-08-08
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Figure 4.22: DPR 2013-08-22
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Figure 4.23: DPR 2013-12-04
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Figure 4.24: DPR 2014-01-16
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Figure 4.25: DPR 2014-01-31
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Figure 4.26: DPR 2014-02-13

Figures to are graphs of non event days for the different treatment groups.
I randomly selected a number of days which occurred near a peak event as a
comparison to see how the control and treatment groups average usage appears
on non-event days. It appears that the DPP treatment groups consistently have
higher consumption than the control group and the DPR groups are more similar to
the control group. However as shown earlier the mean difference for electricity usage
between control and treatment groups is not statistically significant or economically
significant. Thus it would be easy to think that the difference between the
DPP groups and the control on non-event days can be considered inconsequential.
However the electricity usage reported in the mean difference tables is pre-trial data
and the graphs are from during the Program. Thus it appears that the treatment
groups have increased their usage as a result of the Program. This fact provides

further motivation to consider habit formation models.
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Figure 4.27: Comparison to DPP on 2013-12-14
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Figure 4.29: Comparison to DPR on 2013-03-26
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Figure 4.30: Comparison to DPR on 2013-08-15
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CHAPTER 5

Models and Results

In this chapter I consider a range of models which describe households’ behaviour
during peak price events. I then extend these models to analyse behaviour outside

peak price events.

5.1 ELECTRICITY USAGE

Consider the following difference-in-differences model:

In(kWh)y =Y > BpDI+> %Gi+ Y El tug, (5.1)
g

g pe(DPP,DPR) pe(DPP,DPR)

where In(kWh) is the natural log of energy usage, measured in kWh, for household

i in the 30-minute interval ¢. The treatment effect is given by D} which is equal
to 1 if household 7 is in treatment group ¢, and if a peak pricing event p occurs for
household ¢ in interval ¢. This model also includes treatment group variables, GY,

and two peak pricing event indicators, EY, which equal 1 during peak price event p.

The second model I consider adds time fixed effects to model (1):

In(EWh) =Y > BupDIP+ ) vGY + 6, + vir (5.2)

g pe(DPP,DPR) g

Time fixed effects, ¢;, include a dummy variable for every 30-minute interval
throughout the Program. Thus there are over 42,000 time fixed effects. The variables

> 0,E} do not appear in this model since the two dummies are absorbed by
pe(DPP,DPR)
time fixed effects. By having a unique time fixed effect for every half hour window,

I can control for variations in weather and lifestyle that may be correlated with

the treatment effect. For example, on a very hot day households in all treatment
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groups would use more electricity than on average. Time fixed effects ensure that
the increase in electricity usage for this particular time period is accounted for and

does not bias the estimates of the treatment effect.

The third model I consider adds household fixed effects to model (1):

I(EWh) =Y > BeDiP+ D 0.+ on + w. (5.3)

g pe(DPP,DPR) pe(DPP,DPR)

The term «; captures household-specific factors that do not vary over time but will
influence electricity usage. These could include factors such as usage of devices left
in standby mode, whether occupants are home during the day and if the household
has gas hot-water heating (provided these factors do not change during the trial
period). The household fixed effect term accounts for which treatment group a
household is assigned to. This is because the treatment group is time invariant and

captured in «;, thus GY is no longer needed.

The fourth model I consider includes both time and household fixed effects:

In(EWh)y =Y > BepDiF + 0+ ai + eq (5.4)

g pe(DPP,DPR)

This model controls for more factors that affect electricity usage than the previous
three, since it includes both the fixed effects. The time-invariant differences of each
household and aggregate half hourly behaviour are captured in this model. The

coefficients 8D, , are identified from variations within the households over time.

The fifth model I consider includes both time fixed effects, that vary by LGA, and
household fixed effects:

In(EWh)y = > BypDIF + 6% LGA+ a; + €. (5.5)

g pe(DPP,DPR)

This model changes the time fixed effects to 0, x LGA to allow for a different time
fixed effect for each LGA. Given that the weather may differ by LGA and thus each
LGA’s electricity usage would differ on average at any given time. As a result there
are over 567,000 time fixed effect terms. The interpretation is similar to Model (4)
but now I am controlling for aggregate half hourly shocks separately for each day

and LGA. This model is my preferred model since it controls for the largest number
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of factors that affect electricity usage, allowing for the most accurate estimation of

households responses to dynamic peak price events.

Table [5.1] contains the relevant variables from the first five models with
containing the full results of all models. Column 1 contains the results of the simple
difference-in-differences model, column 2 includes time fixed effects and column 3
includes household fixed effects, column 4 contains both time and household fixed
effects, finally column 5 includes the time fixed effects that vary by LGA and
household fixed effects.

The estimates of the interaction between treatment groups and the peak price events
are relative to those households who did not participate in the peak price event.
They act as a control for the households taking part in the event, thus this is a

difference-in-difference type comparison.

The coefficients report the average percentage change in electricity usage from
assignment to treatment during pricing events. In all models the coefficients are
statistically significant at the 1% level. Furthermore the estimated coefficients do
not change radically between models. Since the inclusion of time and household
fixed effects does not drastically alter the magnitude of the coefficients, this provides

further evidence of the integrity of the randomisation.

In the preferred model (column 5) it can be seen that households on a DPP tariff with
no feedback technology reduce their usage by approximately 29%. When households
have a DPP tariff with a feedback device the effect increases in magnitude to between
29% and 34% depending on the technology. Households with only a DPR tariff
reduce usage by 11% on average but by only 8% when combined with an IHD.
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Table 5.1: Peak Event Models

(1) (2) (3) (4) (5)
GroupDPP,mly*EventDpp -0.270%**%  _0.303*%**  _0.273%F**  _(0.299%**  _(.292%**
(0.038) (0.038) (0.038) (0.037) (0.039)
Groupppp portal  Eventppp -0.267*FF  -0.303*%F*  -0.261%HFF  -0.289***  (.321***
(0.045) (0.045) (0.044) (0.044) (0.045)
GTOUDP pppt Portai+Plug  EVentppp  -0.283%¥% -0.323%%* _0.275%**F  _0.308*** -0.290***
(0.061) (0.061) (0.061) (0.061) (0.061)
GrouprerIHD*EventDpp —0225*** —0267*** —0232*** —0267*** —0337***
(0.026) (0.026) (0.025) (0.026) (0.029)
GrouprR_only*EventDpR -0.112%%%  _0.112%*¥*  _0.121%**  _0.121%** _(0.113***
(0.017) (0.017) (0.016) (0.016) (0.016)
Grouppprirgp*Eventppr -0.077¥F*  _0.080*%**  -0.086*** -0.087*F** _0.078***
(0.017) (0.017) (0.017) (0.017) (0.017)
Time FE No Yes No Yes Yes
Household FE No No Yes Yes Yes
Adjusted R? 0.016 0.090 0.357 0.431 0.438
Number of Obs. (mill) 195 195 195 195 195
Number of HHs 7612 7612 7612 7612 7612

Notes: The dependent variable is In(kWh) in 30-minute intervals. All specifications include a
treatment group indicator, interaction between treatment group and a DPP event, interaction

between treatment group and a DPR event and two event window indicators (except where

subsumed by time or household fixed effects).
the household level.

***Significant at the 1% level

**Significant at the 5% level

*Significant at the 10% level

Standard errors in parentheses are clustered at
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The reductions in electricity usage for the DPP treatment groups with technology
are only a few percentage points larger than the DPP-only group, highlighting that
technology appears to have a smaller effect than in several other studies. It may not
be the case that technology is ineffective but rather that the estimated effect of the
peak price event for the DPP-only group is large. Many studies estimate a much
smaller effect of a peak price event for treatment groups without technology, usually
between 0% and 20%, whereas I estimate a reduction of nearly 30%. |[Faruqui and
Sergici| (2011) found that households without technology only decreased usage by
20% but with feedback technology reduced their usage by 32.5%. |Herter et al.| (2007))
found that households without technology reduce usage by 13% but with feedback
technology (similar to an IHD) this increased to 41%. Thus the estimated reduction
in electricity usage in model (5) for the DPP-only treatment group is larger than
what has been estimated in previous studies. One explanation for this is that the
large price increase of more than 1200(7([],18 driving households to greatly reduce
their electricity usage, even when they cannot accurately observe it via feedback

technology.

The feedback technology (Portal, Portal+Plug and IHD) all produce similar
reductions in usage during peak price events for the DPP groups. This suggests that
no technology is overwhelmingly more effective at encouraging households to reduce
usage. The smart plug is found to be the least effective technology. Since the smart
plug is combined with the online portal it is surprising that is producers a smaller
decrease in electricity usage (-0.290) than the portal alone (-0.321). One explanation
is that households with a smart plug are content to reduce their electricity usage by
a smaller amount during peak price events since they can more easily manage their

electricity usage during non-peak event times.

In all models, the coefficients on the DPP event dummies for each treatment group
with a DPP tariff are larger in magnitude than the coefficients on the corresponding
DPR terms. Hence households with the DPP tariff are estimated to respond more
to the peak price events than those on the DPR tariff. This is further supported
by a hypothesis test that rejects the null of equality of the DPR coefficients and
the corresponding DPP coefficients. For example, the null that the DPP-only group

reduce their usage by the same amount and the DPR group is rejected.

These results are in line with an analysis of this data conducted by [Frontier
Economics (2014)). Frontier use a different methodology whereby they estimate
the treatm