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1. Introduction

The National Electricity Forecasts used for publications such as the Electricity Statement of Opportunities
(ESOO) provide independent forecasts of electricity consumption, maximum and minimum demand over a
20-year forecast period for the National Electriity Market (NEM), and for each NEM region. This report
outlines the forecasting methodologies used inthe 2018 ESOO publication

1.1

Kegefinitions

AEMO forecasts are reportechst:

0

Operational: Electricity demand is measured by metering supply to the networkather than
consumption. Operational refers to the electricity used by residential, commercial and large industrial
consumers, as supplied by scheduled, sersicheduled, and significant norscheduled generating units
aggregate c ap. Opeiatioyaldémasddd sMWr esent ed o nThisrefessoe n t
electricity supplied to the market excluding generator auxiliary loads from the total output of
scheduled, semischeduled, and significant norscheduled generators. Operational demand generally
excludes electricity demand met by nonscheduled wind/solar generation of aggregate capacity < 30
MW, non-scheduled non-wind/non-solar generation and exempt generation.

The exceptions which are included in the operational demand definition are:

0
0

Yarwun (regisered as non-scheduled generation but treated as scheduled generation).

Mortons Lane wind farm, Yaloak South wind farm, Hughenden solar farm, Longreach solar farm (ron
scheduled generation < 30 MW but due to power system security reasons AEMO is required tanodel
in network constraints).

Non-scheduled diesel generation in South Australia

1 Consumption: Consumption refers to electricity used over a period of time, conventionally reported as
gigawatt hours (GWh).

1 Demand: Demand is defined as the amount ofpower consumed at any time.Maximum and minimum
demand is measured inmegawatts (MW) and averaged over a 36minute period.

1 O Ageneratedd @antodt 6 IliSansdut® : r e fetectrieity supplied to the grid by scheduled,
semi-scheduled, and significat non-scheduled generators (excluding their auxiliary loads, or electricity
used by a g generateddt orre)f.e rosAst o t h e busirclodéng auxiliarg loadspdr i o n ,

el

ectricity used by a gener at or . sQriessoihenyse staded. i s

1 Auxiliaryloads: Auxiliary load a | s o pasakitc e t§ 0 & d 8 ocaedeidis endrdy generated for use
within power stations but excludes pumped hydro.The electricity consumed by battery storage facilities
within a generating systemis not considered to be auxiliary load.Hectricity consumed to charge by
battery storage facilities is a primary inputand treated as a market load

*More definition information is available athttps://www.aemo.com.au//media/Files/Electricity/NEM/Planning_and_Forecasting/EFI/2018/Operational
Consumption-definition--- 2018 update.pdf.
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Other key definitions used are:

1 Probability of Exceedance (POEPOE is the likelihood a maximum or minimum demand forecast will be
met or exceeded. A 10% POE maximum demand forecast, for example, is expected to be exceeded, on
average, one year in 10, while a 90% POE maximum demand forecast is expected to be exceeded n
years in 10.

1 Rooftop PV: Rooftop PV is defined as aystem comprising one or more photovoltaic(PV)panels, installed
on a residential or commercial building rooftop to convert sunlight into electricity The capacity of these
systems is less than 10Kilowatts KW).

1 PV Non-Scheduled Generators (PVEG). PV systems larger than 100 kW but smaller than 30 MWbn-
scheduled generators.

91 Other Non-Scheduled Generators (ONSGNon-scheduled generators thatare smaller than 30 MW and
are not PV.

1 Energy Storage $stems (ESSESS are defined as small distributed battery storage for residential and
commercial consumers.

Figure 1provides a schematic ofthe breakdown and linkages betweendemand definitions. Operational
demand sent out is computed as the sum of residential, commercial and large industrial consumer electricity
consumption plus distribution and transmission losses minus rooftop solar photovtaic (PV)and other non-
scheduled generation (ONSG

Figure 1  Operational d emand /consumption definition

Schedulad & I,/f\ \\‘ Significant Other & PY

SemiScheduled | f / MNonSchedulzd Man-Scheduled

Generation V) Genaation enerstion

! ]
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1.2 Receaenett hodohagges
AEMO continues to der i-wpd nmoadcte ldse ttah d te dc &ptourteoman i mpr o

technical methods to better capture the continuing transformation of the energy supply and demand system.
Thistransformation, since2010, has been driven by changes in technology that:

1 Are positioned between the consumer and the grid, such as rooftop PV, energgfficient appliances, and
technologies that enable greater control of appliance operation and energy usage

Have become increasingly affordable to typical residential and business consumers

1 Are increasingly being adopted, in part as a possible solution to rising esrgy costs.
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Business consumption has also been impacted by changes in the Australian economy with the continued
transition away from energyintensive industries.

While much of the change has been occurring within the distribution networks, it has major iplications for
the transmission gridds operation and development, anc
reports.

Bulk transmission data has traditionally been used as the primary source of data for forecasting. However,
this data:

1 Is highly aggregated (so may not provide fine detail in some instances)
1 May not provide identifiable and/or reliable indicators of a changing future
1 Does not reveal dynamics that originate within distribution networks.

Thislack of granularityhas made it challenging in a changing energy environment, to quickly detect and
understand key trends. In response, AEMO continues to integrate new data streams obtained beyond the
transmission grid, such as:

1 Consumer energy meter data
i Battery discharge profiles

1 Complementarydata from other agencies and sources, such as National Accounts data from the
Australian Bureau of Statistic§ABS) to support greater understanding of structural change in the
economy.

91 Granular high-frequency weather data from the Bureau of Meteorology(BoM).

By integrating detailed data beyond the transmission grid, AEMO is shifting the forecast method towards
ani ncreasingly sag@prieatppd o@ltdt ttdhhrat embraces predictive
forecasting.

1.3 Consusmgment ati on

Consumption and demand forecasts are based on aggregated customer segments:
1 Residential residential customers only.

9 Businessincludes industrial and commercial users. This categorisation recognises the different drivers
affecting forecasts. This sector is furtherategorised as follows:

0 Coal seam gas (CS@) associated with the extraction and processing of CSG for export disjuefied
natural gas (LNG) or supplied to thedomestic market.

d Aluminium smelting, including the Bell Bay, Boyne Island, Portlanéind Tomago aluminium smelters

0 Coal mining 6 customers mainly engaged in opencut or underground mining of bituminous thermal
and metallurgical coal.

0 Manufacturing 0 traditional manufacturing business sectors, with energyntensive operations. This
excludes aluminiumsmelting as covered separately

0 Other businessd business customers not covered by the categories above, which are broadly
correlated with population growth. This groupis dominated by entities providing services such as
education, health care, telecommurgations, financial services, transporand construction.
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2. Business annual
consumption

The businesssector captures all nonresidential consumers of electricity in the NEMThese have been
segmented into two broad categories:

1. Energyintensive Manufacturing,and
2. Relatively norenergy-intensive Other Business
For modelling purposes, these sectors were further segmented into sub-categories:
i. Coal seam gas
ii.  Aluminium
iii. Coal Mining
iv. Electric Vehicles
v. Manufacturing
vi.  Other Business.

The key reason for this segmentedsector modelling is to apply an integrated, sectoratbased approach to
business forecasts to capture structural changes in the Australian economy. doing so, business sectors
exhibiting different levels of growth are identified, thereby mitigating the risk of bias which could otherwise
arise due to the dominating effect of certain sectors.

2.1 Data sources

Business sector modelling relies on a combination of sources for input data where possibl@outlines the
schedule of sources for each data series

Table 1  Historical and forecast input data sources for business sector modelling

Transmission
and
Electricity c onsumption data AEMO Database distribution

industrial
surveys
Historical consumption data by industry sector Dept. of Energy and
Environment
Economic data * ABS Economic
Consultancy

AEMC Price Network Regulator
Retail electricity price Retail Standing Offers Trend Report . 9 . y
2017 Information Notices

Wholesale electricity price Internal
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Data series Source 1 Source 2 Source 3
o . Energy User
Ener fficien . .
ergy efficie Strategy. Policy. Research Survey

Rooftop PV/Battery/Electric vehicle generation CSIRO

* Economic dataincludes the Input Producer Price Index, Gross State Product and Household Disposable Income.

22 Met hodol ogy

The overall approach toforecasting business consumptionis to measure the energyintensive
(Manufacturing) sector separately from the norenergy intensive (Other Business) sectpbased on the
observation they have eachhistorically been subject to different underlying drivers

Eithersurveys or standard econometric methods were used to forecast consumption in these sectors
1 Other Business sectareconometric modelling.

1 Manufacturing sectorlarge industrial loads(LIL) survey-based forecasts.

1 Manufacturing sector remaining:econometric modelling.

Figure 2illustratesthe process flow of splitting actual consumption (using the most recent data history) to
initiate the start point for forecast development.

Figure 2 Overview of business sector consumption forecasting process

AEMO Short Term Forecast: Base Year (2018)

AEMO Long Term Forecast: 20 Years (2019-2038)

1 Dept. of Energy and Environment Splits
(%)

| stage3 |
— Manufacturing Other Business

Manufacturing Other
for Business for Electric
Econometric CoalMining Econometric Vehicles
Modelling Modelllng

¥ hd l ¥

Survey Based Survey Based
Modeumg Econometrics Modeling

-

Consultant ] [ Econometrics J [ Consultant }

2.2.1 Short-term forecast

The business sector shorterm forecastwasdeveloped using a linear regression modelvith ordinary least
squares to estimate coefficientsThe independentvariables are described inrable 2with subscripti
representing days.

The business forecasts for underlying annual consumptiowere aggregated by end-use components
(baseload?, heating, and cooling components).

2 Base load is the nontemperature sensitive demand, covering categories such as water heating, lighting, white goods, and home entertainment.
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The shortterm forecast, also referred to as theBase Yeaforecast, predicts the weather normalised starting
year forecast in the absence of behavioural changes to economic drivers. This gives a refined starting point
that considers intrayear variation to seasonality, holidays and weather. Longerm forecasts launch off base
year forecasts.

0BT T O (%% r#$s 1171 x1 OEARU

Table 2 Short-term base model variable description

Business consumption Bus_Cons Total business consumption
including rooftop PV but
excluding network losses.
Adjustments were made to
account for business closures. For
businesses that have closed
before the time of modelling, their
consumption was removed from
historical data.

Heating Degree Days HDD “C The number of degrees tha a
day's average temperature is
below a critical temperature. It is
used to account for deviation in
weather from normal weather
standards*.

Cooling Degree Days CDD “C The number of degrees that a
day's average temperature is
above a criticaltemperature. It is
used to account for deviation in
weather from normal weather
standards*.

Dummy for non -work day non-workday {0,1} A dummy variable that captures
the ramp-down in industrial
processes and electricity
consumption, for a non-work day
(public holidays, Saturdays, and
Sundays)

*Weather standard is used as a proxy for weather conditions. The formulation for weather standard indicates that businessdeaeact to
extreme weather conditions by increasing the power of their climate control devicesnly when the temperature deviatesfrom the
@omfort zone,inducing a threshold effect.

More detail on critical temperatures applied in the calculation of HDD and CDI» provided in Appendix A2.

222 Data segmentation to attain starting point for long-term forecasting

As outlined in Section 2.1, AEMQused a combination of internally sourced meter data andpublicly available
external sources to segment base year forecasts (froection2.2.) into subsectors Thisformed the starting
point for the long -term modelling.

Stage 1: Segmenting into Manufacturing and Other Business sector consumption

The latest Australia Energy Statisticdatase®, published by the Department of Energy and Environmentwas
used to obtain the weighting assigned to Manufacturing and Other Business

The weightings were applied to the short-term forecast for the first year of projections, whichwvas developed
based on analysis of AEMO meter data (se$ection 2.2.).

The weightings for the latest year ofactual consumption areshown in 0.

3 Refer to Table F ofAustralian Energy Statisticdata, available athttps://www.energy.gov.au/publications/australianenergy-statistics
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Table 3 Manufacturing to Other Business  weightings for 2018

Region Manufacturing (%) Other Business (%)

New South Wales 40.0 60.0

Queensland 35.3 64.7
South Australia 26.9 73.1
Tasmania 70.6 294
Victoria 36.6 63.4

Stage 2: Segmenting into  subsectors

Manufacturing
Manufacturing wasdivided into two categories:

1. Aluminium 8 AEMOsurveyedall aluminium smelter loads in the NEM regions. The aggregate of these
survey responses for the first yeaformed the base year forecast.

N

. Manufacturing & the remaining Manufacturing sector consumptionwasderived by subtracting Aluminium
from the total Manufacturing sector calculated in Stage 1. Thisasthe starting point for longer-term
econometric modelling.

Other Business

The starting points for longerterm forecasts were established for four categories oDther Business:

1. CSGO electricity consumption for CSGwas forecast by Lewis Grey Advisory. Thiirst year of forecastwas
used as thereferencebase year projectiort.

2. Coal Mining 0 electricity consumption for Coal Mining does not generally vary significantly withveather,
so AEMOused the latest available financial year of historical consumptioradjusted for any announced
coal mine step changesas the base starting point.
3. Electric Vehicles the starting point for these forecasts wasbtained for small, medium and large electric
vehides, as well as larggommercial electric vehicles (truck and buses), rom AEMOG& s c o°ffseeu | t ant s
Appendix A4).
4. Other Businessd the consumption starting point was derived by subtracting the other sectors fromthe

total Other Business sector calculatediuring Stage 1.

2.2.3 Manufacturing sector long-term forecasting

The following subsections detail the methodology for producing forecasts foreach of the Manufacturing
subsectors.

Aluminium

The aluminium forecastwasbased on a survey and interview process (se$ection 2.2.5. To maintain
confidentiality®, AEMO aggregated these forecasts with the econometric results prior to publishing the
manufacturing forecast.

Manufacturing (remainder)

The remainder of the manufacturing sectorwas modelled using linear regressionswith some adjustments for
likely step changes in large industrial loads not captured by the econometric trend.

4 Seehttp://www.aemo.com.au/Gas/Nationat planning-and-forecasting/Gas Statement of-Opportunities.

5CSI'RO consultancy repocdl ® Pegmhedde danddablédomtp:/senaiaedscom.au/Electricity/Planning/Forecasting
5 As required by the National Electricity Law (NEL).
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Long-term regression model

The long-term manufacturing sector forecastwas estimated using alog-linear regression modelwith ordinary
least squaresto estimate coefficients, which were then benchmarked against those observed in academic
literature. Specific variables are described iffable 4, with subscripti representing years

I -ABT O ¢ 11 1% AA 11T 30 1D R

Table 4  Manufacturing model variable description

Manufacturing Man_Cons Manufacturing consumption.
consumption

Electricity price Elec_P $MWh Large Industrial etail electricity price for business users

Gross State Product GSP $ million RealGSP is a measurement of the economic output of a state. It
is the sum of all value added by industries within the state.

Dummy variables D {1,0} Dummy variables are added irto stabilise the historical data for
temporary shocks that may otherwise bias the coefficients, e.g.
the Global Financial Crisis (GFC).

* Coefficients for price elasticity of industrial consumers were benchmarked against a broad literature reviglay AEMO.

Large industrial load (LIL) adjustments

LIL step changes are a product of the surveyased process. For more details se8ection 2.2.5

On the basis ofinterviews and surveys, AEM@djusted the forecasts for step changes such as expansions and
closures which would not be captured by the econometric models. Thigas performed as a postmodel
adjustment by identifying those LILswith a yearon-year variation in excess of £10%Those LILs with a

excess variation relative to the econometric model resulivere adjustedon an iterative basis. Year 1 ahe

model result was estimated and was adjusted by the LIL step change before the model result for Year @as
estimated. Theiterative process contirues for the 20-year period. The estimation and scaling process re

bases LIL demand to updated values while retaining demand behaviour.

2.2.4 Other Businesssector long-term forecasting

The following subsections detail the methoddogy for producing forecasts foreach of the Other sutsectors.

Coal seam gas

Electricity forecasts for the CSG sector reflect the grdupplied electricity consumed predominantly in the
extraction and processing of CSG to servicgales to domestic consumers oexports of LNG.

Surveys of CSG production forecastsvere obtained directly from the east coastLNG consortia for projected
demand over the nextfive years Electricity consumptionwas adjusted to align with these reponses. For
longer-term indications, independent advicewas obtained from external consultants.

Coal Mining

Coal mining and port servicecompanieswere surveyed, and selected operationsvere interviewed, to obtain
a baseline for thecoal industry. The consumption forecastwasbased onthese survey resuft

" The coefficientsy AT JA represent elasticity response to thedemand drivers which give the percentage change in consumption in reponse to a 1%
change in electricity price and GSP respectively (all else being equal).

8 See Appendix A8.

9 This approach accounts for additional growth in existing assets as well as for new projects.
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Electric Vehicles

Projections for electricity consumption byelectric vehicleswere produced by consultants®. For more detail
refer to Appendix A4.

Other Business (remainder)

The remainder of the Other Business sectowas modelled using log-linear regressionswith some adjustments
for likely step changes inLILnot captured by the econometric trend.

Long-term regression model

The long-term Other Business sector forecaswas developed using alog-linear regression modelwith
ordinary least squaregto estimate coefficient$? which were then benchmarked against those available in
academic literature.Specific variables are described iffable 5with subscripti representing years

I 7 Q&I 1

rifo/70 r10($) 110wl AA iD R

O

Table5  Othe r Business model variable description

Oth_Cons Other business consumption.
POP Persons Population of a state (net of deaths, births, and migration).
HDI $ million Real level of money households have available for

spending and saving, after income taxes are deducted.

Elec_P $MWh Commercial retail electricity price for business users*.

D {1,0} Dummy variables are added in to stabilise the historical
data for temporary shocks that may otherwise bias the
coefficients, e.g. the Global Financial Crisis (GFC).

* Coefficients for price elasticity of industrial consumers were benchmarked against a broéiterature review by AEMO.

Energy efficiency adjustment

Forecast business sector energy efficiency improvements wepgovided by Strategy. PolicyResearch. Pty Ltd
consultants, andapplied to the Other Business sector, since the majority of the improvements are targeting
businesses within that categori?.

Based on calibration against estimated energy efficiency savings and observed metered consumption, AEMO
only applied 60% of the forecast savings, accounting fothe following:

1 Some energy efficiency improvements will be present in théorecastfrom the econometric model.

1 Some energy efficiency of statebased schemes addresses largecale manufacturing (and is accounted
thereforethrough AEMOG.s surveys)

==

The rebound effect, where lower electricity bills from more energy efficient operation may increase
consumption as customers cost of use decrease.

For more details on trends and drivers on energy efficiency sethe energy efficiency report produced by
Strategy Policy. ResearchPty Ltd3

WYCSI RO consul tancy wsmapocdl & Pemnhedd e danadablédomtp:fweng.aemescom.au/Electricity/Planning/Forecasting
These coefficients represent elasticity responses

12 The forecast included estimated savings from appliances and buildings, but excluded industrizlocesses, as these are covered directly by AEMO through
its survey process of these industries.

3 strategy. Policy. Research. Pty LEhergy Efficiency Impacts on Electricity and Gas Demand to 2887June 2018. Available at:
https://www.aemo.com.au/Electricity/National Electricity Market- NEM/Planning and-forecasting/NEM Electricity Statement of-Opportunities
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Climate change ad justment

Thiswasthe final step in producing the underlying consumption econometric forecast for theOther Business
sector. While the forecastswere produced assuming normalised weather standards, these standards evolve
over the forecast period due to climate change (see AppendiA2).

A climate change indexwasused to adjust heating and cooling load* forecast for industrial sector
consumption. All heating and cooling loadswere assumed to be fromthe Other Businesssector.
Manufacturing consumption is mainly through operational use of machinery, which is inserisie to
temperature variation and captured in base load consumptionFor this reason, the climate change
adjustment wasdone to the Other Businesssection.

This firstrequired splitting Other Businessconsumption into Heat, Baseand Cool elements for thestart year;
growing the Heat and Cool load by the econometric growth rate, adjusted for the climate change index. The
base loadwasgrown by the econometric growth rate only.

The details of the climate change adjustment process are outlined below.

Step 1: Split Other Business Sector into Heating , Cooling and Base load in first year

A short-term linear regression model(seeSection2.2.) wasused to estimate daily actual consumption data
for the latest year available and regress against the Heating Degree Day (HDD) or Effective Degree Day
(EDD¥*and Cooling Degree Day (CDD)Thisallowed AEMO to segment the base year forecast by heating
load, cooling load and base load® Model parameterswere derived using OLS estimates.

bno®dEi 64N O0MNEY 'O00EIOO0 | 600 I O

The total consumption for projected base year(0 ) wassplit into heating load, cooling load and baseload as
follows'”:

(AAQETAA  2($$ &S $

#1171 1,8BTAA 1 z2#$ % ™3 $

"AQAAA 4T OAOEADOET RAA (AAQHEITACA #1 1 1,HTAGA

Step 2A: Heating load forecast

Heating load for the forecast periodwas computed by combining the climate change index with the
regression model specified above.

| OEAKG T O/ OEA&KG T & .

4 Heating load is defined as consumption that is temperature dependent (e.glectricity used for heating). Load that is independent of temperature (e.g.
electricity used in cooking) is called Baseload or Norheating load.

S Effective degree day is sed in Victoria only.

16 Cooling load is consumption that increases with warmer temperatures such as air conditioners; Heating load is consumptionttirecreases with cooler
temperatures such as heating appliances; Base load refers to load that does not yawith varying temperature such as lighting and cooking appliances.

This is done at the annual level after projected the base year using a daily model and aggregating to annual consumption (G)Wh
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Step 2B: Cooling load forecast

Cooling load for the forecast periodwas computed by combining the climate change index with the
regression model specified above.

| OQFT #1171 O/ OF1 #II 1 & z

Step 2C: Base load forecast

Baseload for the forecast period was computed using the regression model specified above without a
climate change adjustment.

| QETHI 1 0/ OEAMET O OfT #II1 0/ OEA®A 10O

Rooftop PV and battery storage losses adjustment

This adjustmentwas made to translate from an underlying consumption forecast to a delivered consumption
forecast.Underlying consumption refers to behind the meter consumption for a businessand does not
distinguish between consumption met byenergy delivered via the electricity grid or generatedrom rooftop
PV. Delivered consunption is the metered consumption from the electricity grid and is derived by netting off
rooftop PV generation from underlying consumption.

An addition of battery losseswas made to account for around-trip efficiency of around 85 % associated with
the utilisation of battery storage.

For more details on trends and drivers see AppendiX3, and the CSIRO report®

2.2.5 Surveybased forecasting process

AEMO maintains a list of large industrial users identifieg r i mar i |y by interrogating AEI
off threshold criteria is used to identify those loads with greater than 10 MW for greater than 10% of the latest
financial year. This threshold aims to capture the most energy intensive consumers.

AEMO conducted a survey and interview process witta selection of theselarge industrial usersand, on this
basis derived the aggregated surveybased forecasts for each region.

The survey processad five steps illustrated in Figure 3

BCSI RO consul tancy r e pszaletenePd g e ctt 6 oimadabléabigttp:#ssméaakerho.com.au/Electricity/Planning/Forecasting
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Figure 3  Steps for large industrial load survey p rocess

1. Identify large
industrial users

2. Collect
recent actuals
and analyse

3. Request
survey
responses

4. Conduct
interviews

5. Finalise

Forecasts

Large industrial users
Largeindustrial userswere identified through two methods:
9 Distribution and transmission grveys request information on aggregate and new loads.

1 Media searchaugmenting the existing portfolio of users with new users if AEMO is made aware of such
users through public sources including media, conferences and industry forums.

Update observed data
Updated actual consumption data for each site of the large industrial loadsvas analysed to:

I Understand consunption trends at the site level

9 Prioritise industrial users to improve theeffectivenessof the interview process.
Request survey responses and co nduct interviews

Step 1: Initial survey

AEMO surveys identified LI X8requesting historical and forecast electricity consumption information by site.
The surveyrequested annual electricity consumption and maximum demand forecasts for three scenarios:

1. Neutral Scenariod electricity consumption when economy follows the most likely economic pathway.
2. Fast Change Scenari@ electricity consumption when economy follows a strongr economic pathway.

3. Slow Change Scenari® electricity consumption when economy folbws a wealer economic pathway.

Step 2: Detailed interviews

After the survey, large industrial userswere contacted to expand on their responses. Thisncluded discussions
about:

1 Key electricity consumption drivers, such as exchange rates, commodity pricinavailability of feedstock,
current and potential plant capacity, mine lifeand cogeneration.

19Defined by AEMO as those who had a maximum demand of 10 MW or more for at least 10% of the time in a year.
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1 Current exposure of business to spot pricing and management of price exposures, such as contracting
with retailers, Power Purchase Agreementsand hedging.

1 Future management ofpricesand impact of prices on consumption based on AEMO provided guidelines

1 Potential drivers of major change in electricity consumption (e.g. expansion, closure, cogeneratidnel
substitution).

1 Assumptions governing theFast Neutral, and Slow scenarios.

Not all large industrial loadswere interviewed. Interviews with large industrial loadswvere prioritised based on
the following criteria:

=

Volume of load (highest to lowest)d movement in the largest volume consumers can havéroader
market ramifications éuch asan impact on realised market prices).

]

Yearon-year percentage variationd assess volatility in load, noting that those with higher usage variability
influences forecast accuracy.

=

Yearon-year absolute variationd relative weighting of industrial load is needed to assess materiality of
individual variations.

=

Forecast vs actual consumption and load for historic survey responségorecast accuracy is an evolving
process of improvement and comparisons between previous yeaactual consumption and load against
the forecast will help improve model development.

2.2.6 Total business brecasts

The aggregation of all sector forecastsvasused to obtain total underlying business forecastsThese
aggregations are shown inFigure 4and 5.

Figure 4  Aggregation process for final underlying forecast
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Total Business Underlying
Consumption Forecast

CSG

Coal Mining

Electric Vehicles

+
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Figure 5 Aggregation process for final delivered forecast
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3. Residential annual
consumption

This chapter outlines the methodology used in preparing residential annual consumption forecasts for each
NEM region.

3.1 Data sources

Residential consumptionforecastsrequire large datasets to adequately represent the complex consumption
behaviours of restdential users. @ata sourcesare presented in Table 6and Table 7.

Table 6  Historical input data sources for residential sector modelling

Data series Reference

Total daily residential connections for each region* AEMO metering database

Total daily underlying consumptionfor all residential customers for each regioit AEMO metering database

Daily actual weather measured in HDD and CD®* Bureau of Meteorology temperature
observations

* Daily residential connectionswere estimated by interpolating annualvalues.
** SeeAppendix A7 for more information
*** See Appendix A2 for more information

Table 7 Forecast input data sources for residential sector modelling

Data series Reference

Forecast annual HDD and CDD in standardeather conditions Appendix A2
Forecast annual residential connections Appendix A5
Forecast climate change impact on annual HDD and CDD Appendix A2
Forecast residential retail electricity prices Appendix A1

Forecast annual energy efficiency savings for residential base load, heating and cooling Strategy. Policy. Research. Pty t.td
consumption

Forecast gas to electric appliance switching 2018 GGOO**
Forecast annual rooftop PV generation Appendix A3
Forecast electric appliance uptake Appendix A5
Forecast electric vehicles CSIRO**

* Strategy. Policy. Research. Pty LEhergy Efficiency Impacts on Electricity and Gas Demand to 2887June 2018. Available at:
https://www.aemo.com.au/Electricity/National Electricity Market-NEM/Planning and-forecasting/NEM-Electricity Statement of -
Opportunities

** AEMO 2018 GasStatement of Opportunities Methodology Information PapeAvailable at:http://www.aemo.com.au/Gas/Nationat
planning-and-forecasting/National- Gas Forecasting Report .

*** CSIRO consultancy reportProjections for smatliscale embedded technologiegwvailable at:
http://www.aemo.com.au/Electricity/Planning/Forecasting
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32 Met hodol ogy

3.2.1 Process overview

AEMO applida o0 gr owt hdé mo d eyear anoual gesideial aléctecityZ@nsumption forecasts. At
the core of the forecastwere the following stages:

1 The average annual base load, heatingpad, and cooling load at a perconnection level were estimated.
Thiswasbased on projected annual heating degree days (HDD) and cooling degree days (CDD) under
6standardd6 weather conditions.

1 The forecast then consideed the impact of the modelled consumption drivers including electric appliance
uptake, energy efficiency savings, changes in retail prices, climate change impacts, -gaselectricity
switching, and the rooftop PV rebound effect.

1 Theforecastswere then scaled up withthe connections growth forecast to project future base, heating,
and cooling consumption by region over the forecast period®.

91 The forecast of underlying residential consumption was estimated as the sum of base, heating, and
cooling load as well as the consumption from electric vehicles. The contribution from rooftop PWas then
subtracted to compute the forecast of delivered residential consumptionas well as adding back the losses
incurred in operating battery systems

Figure 6Gillustrates the steps undertaken to derive the underlying residential consumption forecast. Analysié
the historical residential consumption trend is based on daily consumption per connection, on a regional
basis. The analysis conductetbr each of these stepsis discussed below.

20 The connection forecast methodology has been refined with a split of residential and nomesidential connections Only the residential
connectionsare used. For further information, see AppendiA5.
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Figure 6 Process flow for residential consumption forecasts
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3.2.2 Model process

Step 1: Weather normalisation of residential consumption

Historical residential consumption was analysed to estimate average annual temperatumesensitive
consumption (base load) and average annual temperaturesensitive consumption in winter and summer
(heating load and cooling load) at a perconnection level. The estimates were independent othe impact
from year-to-year weather variabilityand the installed rooftop PV generation.The process is describedn
more detail in the following steps.

Step 1.1: Analyse historical residential consumption
Daily average consumption per connection was determined by:
i Estimatingthe underlying consumption by removing the impact of rooftop PV generation.

9 Calculaing the daily average underlyingconsumption in each region.

i Estimatingthe daily underlying consumption per residetial connection by dividing by the total
connections.

Daily consumption per connectionwas regressed against temperature measures (namely, CDD and HDD)
over atwo-yearwindow (training data) leading up to the reference year using OLS estimates

A similarregressionapproach wasapplied to all regions, except Tasmaniddue to cooler weather conditions
in this region). The models areexpressedas follows:

Regressionmodel applied to all regions except Tasmania
YQbeEE 1T 5 T FO0Q 1 z60Q T FO€EE0ET QRO
Regressionmodel applied to Tasmania:
YQBEE T 5 T {FO0Q T FOO0Q T ROEEODETMMOR -5
The above parameters were then used to estimate the sensitivities of residential loads per connection to
warm and cool weather.
For all regions (excluding Tasmania) this is expressed as
6€€aQEQEOQAD Q] 6§00
0Qd@E Q0 £ OQO Qi 'OPO
For Tasmaniathis is expressed as
6€€aQEQ0EOQE QI 6§ 00

006 0 b ¢ 6oBoilsde 000 1§ 1000
(.00 8 U 8 (.0 U321 AV A B uoyoyo

Where ¢ is the total number of days in the two-year training data set

Step 1.2: Estimate average annual base load, heating load and cooling load per connection
excluding impacts from weather conditions and installed rooftop PV generation

O Qi QAeeCcER  oou
"0QOO QE VEEM@R OO 'QE QD ¢ HGQO i 6 HO'O00

6££aQEVWEDOE a'QE QD £ OQDEAE @ dDDS 00
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Thevariablesof the model are defined in Table 8

Table 8  Weather normalisation model variable description

YQOb € g Daily average underlying consumption per residential connection for regiomon day t
‘00Q Average heating degree days for region on day t
60® Average cooling degree days for region on day t
‘00Q Square of average heating degree days for region i on day t which is to capture the quadratit

relationship between daily average consumption and HDD
0ét0el QRod® Dummy variable to flag a dayoff for region i on day t. This includes public holidays and weekends.

6¢¢aQEQDEDQDQ Estimated cooling load per CDD for regiori.

0Q®o Nt QD ¢ ®QDO Qi Estimated heating load per HDD for regiori

0¢¢&o6wa000 Projected annual HDD in standard weather conditions for regiom
6t&06wa600 Projected annual CDD in standard weather conditions for region

0 Wi QacéEQ Estimated average annual base load per connection for region
VQ®0 "Vt ®é & GQ Estimated average annual heating load per connection for region

6€¢¢aQENE OQ Estimated average annual cooling lad per connection for region i

Step 2: Apply forecast trends and adjustments

The average annual base loadheating load and cooling load per connection estimated in Step 1 will not
change over the forecast horizon, being unaffected by the external driving factors. The adjustmetitat
accountsfor external impacts, was performed in thissecond step.

For the purpose offorecasting changes to theannual consumption:

i Forecast residential retail prices are expressed as yean-year percentage change.

i Forecast impact of annual energy efficiency savings, appliance uptake, and climate change are expressed
as indexed change tothe reference year.

Step 2.1: Estimating the impact of electrical appliance uptake

The change in electrical applianceiptake is expressedusing indices for each forecast yeardet to 1 forthe
reference year) for each region and split by base load, heatig load and cooling load. The indices reflect
growth in appliance ownership, and also changes in the sizes of appliances over time (larger refrigerators and
televisions) and hours of use per yeariSee Appendix A5 for more detailed discussion of appliancepiake.

Excluded, however, were impacts from energy efficiency, which are captured in Step 2.6 below.

Certain appliances affecbase load 6uch asfridges and televisiorns) while others are weathersensitive such
asreversecycle airconditioners). The anrual base load, heatingload, and cooling load per connection is
scaled with the relevant indices to reflect the increase or decrease in consumption over time, relative to the
base year
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Step 2.2: Estimating the impact of gas  -to-electricity fuel switching

Gasto-electric appliance switching relates to gas hot water heating being switched telectric-boosted solar
hot water heatersor heat pumps, and gasspaceheating being switched to electric heating using
reverse cycle airconditioners®.

The following adjustments were made to convert the reduction in gas load to a forecastincreasein electricity
consumption:

1 An assumed50% of the reduction in gas hot water heatingwas attributed to electric boosted solar water
heaters

1 A heating Coefficient of Performance(COP) of 5wasassumed for reversecycle airconditioners, which
use 80% less energy than the gas space heater they replace

9 Heat loss through ducted systems for gas central heatingrasassumed to be 25%

Step 2.3: Estimating the impact of solar PV reboun  d effect

It was assumedhat households with installed rooftop PV are likely to increase consumptiodue to lower
electricity bills. The PV rebound effect was set equal to 2@ of averageforecast PV generationallocated
proportionally to base load, heating, and cooling load per connection.

Step 2.4: Estimating impact of climate change

The Bureau of Meteorologyand CSIRGassisted AEMO in understanding the impact of climate change on
projected temperatures. AEMOthen adjusted the consumption forecast to account for the impactof
increasing temperatures(see AppendixA2 for more information). Climate change is anticipated to cause
milder winters and warmer summers which, as a result, reduce heating load while increasing cooling load in
the forecast. Due to theopposing effects of climate change on weathersensitive loads, the annual net impact
of climate change can take a positive or negative value deperidg on which effect, on average, is larger.

Step 2.5: Estimating impact of consumer behavioural response to retail price changes

Changes in electricity prices havan impact on how consumers use electricity. Household response to price
change thatwasnot captured by energy efficiency and rooftop PMwvas modelled through consumer
behavioural response. The asymmetric response of consumers to price changes is reflected in the price
elasticity estimation with price impacts being estimated in the case of incrases, but not for price reductions.
A price risewas estimated to have minimal impact on residential base loagwhich islargely from the
operation of appliances such agefrigerators, washing machinesmicrowaves and lights. Hence,the price
elasticity or base loadwasset to be 0. For weather-sensitive loads, price elasticityvasprojected to be -0.1,
applied to both heating and cooling load per connection.

Step 2.6: Estimating impact of energy efficiency savings

Ongoing improvements in energy efficiency affect appliance consumption and the energy required to achieve
desired temperature settings within houses. Historical and forecast energy efficiency savings were forecast for
a number of programs by a consultancy??:

9 Current federal and state energy eficiency programs for appliances and buildings

1 Future programs, expecting additional initiatives to be implemented over time to assist meeting the target
set in the National Energy Productivity Plan for a 40% improvement in energy productivityy 2030.

The applied energy efficiency savings represent the expected achievable energy efficiency savings, accounting
for a consumption rebound effect. The energy efficiency rebound effectvas estimated by AEMOto be 40%,

2L AEMO 2018 Gas Statement of Opportunities Methodology Information PapAwailable at:http://www.aemo.com.au/Gas/Nationatplanning-and-
forecasting/National- Gas Forecasting Report

22 gtrategy. Policy. Research. Pty LEhergy Efficiency Impacts on Elecity and Gas Demand to 203B8. June 2018. Available at:
https://www.aemo.com.au/Electricity/National Electricity Market- NEM/Planning and-forecasting/NEM Electricity Statement of-Opportunities.
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based onthe calibration and OLS regressioragainst residential consumption meter data. This meanthe
effective savings from energy efficiencyare 60% of the S.P.Rorecast estimate. The impact of energy
efficiency savings on residential annual consumptiowasapportioned to base, heating and cooling loads per
connection within the estimation model.

Step 2.7: Estimating the forecasts of annual base load, cooling load and heating load per
connection accounting for external impacts

The forecasts of base load, heating load and cooling load per conngion are then adjusted,considering the
impacts of external drivers estimatedfrom Step 2.1 to 2.6 The external impacts ae added to or subtracted
from the forecastsdepending on how they affect each ofthe loads.

YO Y8 & BELEDQ
8O QastécEqd 0 ®06 ¢ g OYDUEEE O wYOU8EE OO®OUS £ §

YO YOQ &6 Q8 Bf £ OO
00606 0t W& GH O EF OYOUSEE D OY®USEE O@
86008 ¢¢ 0 'MOGEE

YO YO € £ 00 QEE £ OQ
GEEAQENHE DODIOEE D OYODOEE O . 0 0. ®00 ¢ g
00 06 ¢ g

Variablesand their descriptionsare detailed in Error! Reference source not found.

Table 9  Variables and descriptions  for residential consumption  model

"YU Y6 @i BeELEDQ Forecast total base load per connection for region in yearj
YO "YOQ@w0 Q8 808 £ @' Forecast total heating load per connection for regioni in yearj

YO Y6 € € a QEEQN £ @ Forecast total cooling load per connection for regioni in yearj

6 0. ®00 ¢ § Impact of electrical appliances uptake on annual base load per connection for regionin year
60,006 ¢ § Impact of electrical appliances uptake on annual heating load per connection for regionin year
60 ®06 ¢ § Impact of electrical appliances uptake on annual cooling load per connection for regionin yearj
"OTYE00 € & Impact of fuel switching on annual base load per connection for regiori in yearj
‘O'Y006 £ g Impact of fuel switching on annual heating load per connection for regiori in year|
0 @'Y U6 ¢ ¢ Impact of rooftop PV rebound effect on annual base load per connection for regiori in year|
0 'Y ®U5 £ ¢ Impact of rooftop PV rebound effect on annual heating load per connection for regioni in yearj
0 0'Y.0 06 ¢ ¢ Impact of rooftop PV rebound effect on annual cooling load per connection for regioni in year
6 6006 ¢ ¢ Impact of climate change on average heating load per connection for region in yearj
6 6,806 ¢ ¢ Impact of climate change on average cooling load per connection for regiori in year|
0 D06 € § Impact of consumer behavioural response to price changes on annual heating load per connection fo
region i in yearj. This takes negative valuereflecting reduction in consumption due to price rises.
0’0 06 € § Impact of consumer behavioural response to price changes on annual cooling load per connection fo
region i in yearj. This takes negative value, reflecting reduction in consumption due to price rises.
00O ®Us € & Impact of energy efficiency savings on annual base load per connection for regiarnin year j
0’0006 ¢ & Impact of energy efficiency savings on annual heating load per connection for regionin year
00O ®VS ¢ & Impact of energy efficiency savings on annual cooling load per connection for regionin yearj
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Step 3: Scale by connections forecasts

Forecasts of annual base load, cooling logdand heating load at per connection leve] after adjustment for
future appliance and technology trends,were then scaled up by connections forecast over the projection
period.

Forecasts of annual base load, heating load and cooling loagvere modelled as follows:
YO YO i Q& EYD WO Oi ‘BDoELEDTYE 0 Ward U O
YO QG0 Q¢ QQAYETOQ MO Q6 E0f € "WEQIDd &R

YO Y6 € € 0 Qe "OMOENWDE € & QE EN EE'D ward O O

Table 10 Residential base load, heating load and cooling load model variable s and description s
“YE O b0 O O Total connectionsfor region i in year j
YO Y6 Bl Qaé ©Q Forecast total base load for region i in year j

YO "YOQ®w 0 "Qf "Q € O Forecast total heating load for region i in year |

YO Y6 € € a Qe Q0 £ O Forecast total cooling load forregion i in year j

Step 4: Estimate underlying and delivered annual consumption forecast

Theforecastunderlying annual consumptionis expressedasthe sum of base, heating andcooling loads and
residential electric vehicls:

Figure 7 Aggregation process for final residential underlying forecast

Total Residential Base Load

Total Residential Heating Load

Total Residential Cooling Load

Electric Vehicles

I+I +I+I
I

External advice was obtainedrom CSIROfor estimates of historical and forecast electric vehicle uptaké

Forecast delivered annual consumption refers to underlying consumption, adjusted for consumption offsets
due to solar PVand customer battery storage systemosses (assumed round trip efficiency of 85%J§orecast
by CSIRQ(see AppendixA3 for more information):

2 See AppendixA4 for more information
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Figure 8  Aggregation process for final residential delivered for
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4. Operational
consumption

AEMO forecasts operational consumption, representingonsumption from residential and business
consumers, as supplied by scheduled, sersicheduled and significant nonscheduled generating unité*. The
remainder of non-scheduled generators are referred to as small norscheduled generation (NSG). When
calculating operational consumption, energy supplied by small NSG was subtracted frodelivered residential
and business sector consumptionEstimations of the transmissionand distribution losses are addedo the
delivered consumptionto arrive at the operational consumption forecast

Figure 9 Demand relationships
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41 Smand-schedul ed generati on

This section discusses the methodology of the PV nescheduled generation (PVNSG) and Other non
scheduled generation (ONSG)

41.1 Data sources

AEMO forecast small NSG based on the following data sources:

24 Operational definition: https://www.aemo.com.au-/media/Files/Electrtity/NEM/Planning_and_Forecasting/EF1/2018/Operation&onsumption-definition-
--2018update.pdf.
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1T AEMOds generatiominformation pages
1 Publicly available information.
1 Data provided by network businesses.

1 Projection of PV uptake®.

41.2 Methodology

The small NSG forecast was split into two components:

1 PVNSG: PV installations above 100 kW but below 30 MW. Until 2016, this was combined with ONSG. In
2017 this was forecast separately for the first time, though basezh growth rates for commercial rooftop
PV. In 2018this sectorwas forecastwith a different approach;Larger projects require special purpose
financing and their uptake has been forecast by the CSIRO byodelling whether the return on investment
for different size systems meets a required rate of return threshold for a given year and region.

1 ONSG: All other technologies, such as smadicale wind power, hydro power, gas or biomas$ased
cogeneration, generation fram landfill gas or wastewater treatment plants, and smaller peaking plants or
emergency backup generators.

PVNSG

The PVNSG annual generation forecast was developed using:
i Forecast PV capacity in the 100 kW to 30 MW range.

1 A simulated normalised generationtrace.

Annual PVNSG generation was obtained by multiplying the normalised generation trace by the capacity
forecast to produce a MW generation trace at hakhourly resolution, which was then aggregated to
determine annual energy in MWh.

The normalised geneation trace was produced by:

9 Simulating historical normalised generation of single axis tracking PV systems for a selection of
geographic locations across the NEM, using NREL's System Advisor Mddeloftware. Satellite solar
irradiance observations and gound station temperature measurements are used to estimate PV
generation for every half hour back to 2009.

1 Determining regional normalised generation traces by averaging traces for altenewable Energy Zonesn
each region.

i1 Finding a median normalised geneation value for each half hour of the year, based on the historical
traces. This median trace is used as a proxy for future PV generation in each forecast year.

ONSG

For the other technologies, AEMO reviewed the list of generators making up the current CBG fleet, and
made adjustments to add newly commissioned or committed generators and remove retired generators or
units that may already be captured though net metering of the load it is embedded under. This resulted in a
forecast capacity, for each NEM rgion, for each technology.

The forecast capacity was converted into annual energy generation projections, based on historical capacity
factors for these technologies in each region. Theapacity factorsused for the projections werecalculated
using up to five years of historical data. AEMO assungethat the installed capacity of existing projectsvould

25 https://Iwww.aemo.com.au/Electricity/Nationat Electricity Market-NEM/Planning and-forecasting/Generation-information.

26 CSIROconsultancy reportdProjectionsfor smalkscaleembedded technologiess i s avai |l abl e: on AEMOG6s website
http://www.aemo.com.au/Electricity/Planning/Forecasting

27 NREL System Advisor Model is available &ttps://sam.nrel.gov/.
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remain unchanged over the 20-year outlook period, unless a site has been decommissionedr announced to
retire.

All new projectswere assumed tobegin operation at the start of the financial yearin which they are due for
completion and remain at this level over the20-year outlook period.

Capacity factors for existing projectsvere estimated using a weighted average of the historical capacity
factors for each project, based on the past five years of data.

For future ONSG projects, where historical output is not available, AEMO estimateapacity factors using the
following methods:

1 Where similar projects already exisin terms of NEM region and generatorclass (fuel source)AEMO usel
the total historical output from all similar, existing projects, divided by their combined rated capacity.

1 Where no similar projects existypically a new generator class in a particular NEM regiQlAEMO either
used the regional average for all existinggenerators or applied the capacity factor of similargenerators
from another region.

AEMO then combineal the resulting capacity factor profile with the expected capacities of all futurgenerator
projects and used this to forecast the expected generation per project over the outlook period.

Similarly, the forecast i mpact on maxi mum and mini mum
historical generation at time of maximum or minimum demand?.

42 Net wor k | aowsxilsi ssaendd
421 Network losses

Transmission losses forecast methodology

Transmission losses represent energy lost due to electrical resistance and the heating of conductors as
electricity flows through the transmission network.

The Australian Energy RegulatorAER and the network operators provide AEMO with historical transmission
loss factors. AEMO use the transmission loss factors to calculate historical losses across the transmission
network for each region.

AEMO forecast annual transmissiotosses byusing the historical normalised transmission losses averaged
over the last five years. Annual transmission lossegere normalised by electricity consumption by large
industrial customers as well as residential and commercial customers.

Distribution losses

To cakulate operational demand from estimated delivered demand distribution losses are needed in
addition to transmission losses. Thelistribution losseswere estimated as a volume weighted average per
region, generally based on recent losses reported to the Astralian Energy Regulator (AER) by distribution
companies as part of the Distribution Loss Factor approvals process.

4.2.2 Auxiliary loads methodology

Auxiliary | oads account for energy used within power s
and oO-eehd® energy) .

28 For maximum demand, the top 10 highest demand halhours each year were used to calculate the average generation at time of maximum demand. For
minimum demand, the bottom 10 demand periods were sed.
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Auxiliary loads (historical)

Analysis for auxiliary loads requires historical data obtained from the wholesale market systéhiMarket
Management System (MMS). Auxiliary loads are not directly measured and so are modelled with the
assumption that they are equal to the difference between total generation as measured at generator
terminals and the electricity that is sent out into the grid. The amount of energy that is sent out to the grid is
estimated by multiplying the metered generaton for an individual generating unit by using anestimated
auxiliary percentagé?® for the generation station such that:

| OoE] ADH AOCA'CARAOEOESIED AONAT OACA

For example, a new combined cycle gas turbinbas an assumedauxiliary factor o 3%, such that if the
metered generationin a day was 30 MWh will have aalculated auxiliary loadof 0.9 MWh. The sent out
energy for this power station is thereforedetermined to be 29.1 MWh.

Thismethod is applied for approximately 250 generating unitsin the NEM to arrive at the calculated historical
auxiliary load and operational demand as sent oubn a half hourly basis

Auxiliary loads (forecast )

The annual auxiliaryloads in each region was forecasusing the auxiliary loads from a future generation
forecast that have a mix of technologiesForecastsof the future generation mix are based on the 2018
Integrated System PlanISP)auxiliary Load forecastsn the corresponding Fast, Neutral and Slow scenarios
As the ISP forecasts were based on the 20 ESOO consumption forecasts they needed to be rebased to
reflect the ISPconsumption forecasts but preserve a similar percentage of auxiliary loads. To arrive at this
adjustment, the forecastauxiliary factorfor each financial year and for each NEM regio in the 2018 ESOO
wasdefined as:
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The annual auxiliary loadorecast wasthen determined by first calculating the operational consumption
forecast (as generated) bydividing the 2018 ESOperational consumption forecast (as senut) by the
2018 ESOO Auxiliary Load Factor. The auxiliary load forecast is then the difference between the operation
consumption forecast (as generated) and the operational forecast (as sent out).

29 Fuel and Technology Cost Review (ACIL Allen), Available faitps://www.aemo.com.aul
/media/Files/XLS/Fuel_and_Technology_Cost_Review D#&CIL_Allen.xIsx
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5. Maximum and
minimum demand

Regional minimum andmaximum demands sent-out are developed by season using a probabilistic
methodology. Demand is heavily dependent on weather conditions and random variability in response to
weather.

Due to this variability, forecast maximum demand (MD) is expressed as probability of exceedance 0O
values from a distribution, rather than a point forecast. For any given season or year:

1 A 10% POE MD value is expected to be exceeded, on average, one year in ten.
1 A 50% POE MD value is expected to be exceeded, on average, one year in two.
1 A 90% POBMD value is expected to be exceeded, on average, nine years in ten.

For the purpose of forecasting demand, AEMO defined summer as the period from November to March
(inclusive) except for Tasmania where summer was defined as the period from December to Feéry
(inclusive). Winter was defined as being from June to August for all jurisdictions.

51 Data preparation

Data preparation for both the minimum and maximum demand models was similar to the requirements for
annual consumption, however each requires the wsof half-hourly data. The requirement for
higher-frequency data drives the need to consider the load profile of smalkcale technologies and large
industrial loads.

At a half-hour frequency by region the following data inputswere used:

9 Historical and forecast ooftop PV capacity, geneation and normalised generation.

9 Historical and forecastPVNSG installed capacity, generation and normalised generation
1 Forecast dectric vehicles numbers and charge profile

i ForecastESS installed capacity and charge/diseinge profile

0 a proportion of ESS is considerediirtual power plant (VPP) or distributed energy resource (DERyith
the proportion varying by scenaria This proportion is included in operationaldemand.

1 National Meter Identifier (NMI) data for the top 100 large industrial loads (loads over 1MW, 10% of the
time).

9 Historical and forecastlLarge industrial loads
1 Projected dimate change adjusted dry temperature
9 Historicalunderlying demand.

AEMO sourced halhourly weather datafrom the BoM for the weather stations listed inAppendix A.2.The
weather data was climate changeadjusted for temperatures expected in the forecast horizorbased on
information available onwww.climatedhangeinaustralia.gov.au
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The model aimed to generate forecasts of underlying demand less large industrial load. Large industrial load
was subtracted from underlying demand before constructing the model Large industrial load may be
seasonal but is not conglered to be weather-sensitive,although it can have the potential to cause structural
shifts in demand.

Forecastswere defined to represent the power required to be sent out from generating sources (operational
demand as sent out (OPSQ)).

52 Expl or aa oarnya ldyasti s

Exploratory data analysis (EDAyasused to detect outliers and identify important demand drivers during
model development.

521 Outlier detection and removal

Outlier detection procedureswere used to detect and remove outliers caused by data errorand outages. A
basic linear modelwas specified to examine all observations to ensure values do not lie more than three
standard deviations from the predicted value at each hathour.

The resulting list of outliers and the known list of network outagesvas used to remove these data points to
constrain the dataset. Any data errors detected through this proceswere tracked to determine cause
followed by appropriate data corrections. No augmentation of datawas performed for missing data.

5.2.2 EDA to identify inportant short-term demand drivers

EDAwasused to identify key variables that drive demandver the course of the year by examining summary
statistics of each variable, correlations between explanatory variables to identify multicollinearity, and
correlations between explanatory variables and demand.

Broadly, the EDA process examirte
1 Weather datad temperature variables including

0 Instantaneouscooling degree (CDs) and heating degree (HDs) asalf-hourly up to three hour rolling
average of temperature

0 Heatwaves and@&oolwavesasdaily up to three day rolling average of temperature

3 Heatwaves were collinearly relatedvith temperature variables derived from humidity.To avoid
multicollinearity, the heatwave variables were retainedand the temperature vaiables derived
from humidity were dropped.

0 Dry bulb temperature 0 both instantaneous and heatwave/coolwave
d Apparent temperature® § both instantaneous and heatwave/coolwave

EHFO excess heating factolis a measure of heatwave intensityWwhen maximum daily temperatures are
above the 95" percentile for three consecutive days, then these days are deemed to be in heatwave
conditions with the variable increasing with the intensity.

d Heat index' & both instantaneous and heatwave
1 Calendar/seasonal variables, including weekday/weekend and public holiday Booleéinue/false) variables.

Alternative critical temperature cutoffs were explored to formulate the CD and HD variables. The critical
temperature cut-offs that best captured inflection points between temperature and demandwere selected for
the model.

30 Measures the temperature perceived by humansi is a function of dry bulb airtemperature, relative humidity and wind speed

31 Measures the perception of temperature above 27 degreest Is a function of dry bulb air temperature and fumidity.
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53 Model devel opment and select

Models for each regionwere specified using the variables identified as statistically significant during the EDA
process. Modelswere trained on the previous 34 years of historical data (regiondependent) at a halfhourly
frequency.

The models ained to describe the relationship between underlying demand and key explanatory variables
including calendar effects such as public holidays, day of the weednd month in the year and weather effects
(such asCD, HD, CD2 and HD?).

An array of linear models using available variablewasranked by explanatory power. The model with the
optimal combination of variableswaschosen for each region.

An algorithm wasused to discard models that hal:
1 Variance hflation Factor > 4%,

1 [llogical coefficients

1 Non-statistically significant coefficients.

The algorithm then ranked and seleced the best model, based on:

=

Goodnessof-fit 8 R-Squared,Akaike information criterion, and Bayesian information criterion

Out-of-sample goodnessof-fit & for each model, AEMO performed 16&fold cross validatior? to calculate
the out-of-sample forecast accuracy.

=

]

Histogram of the residuals, quantilequantile (Q-Q) plot, and residual plotsto ensure no discernible
patterns that could indicate missing explanatory factors

Table 11 details the variables selected as important in the EDA process after rejecting the other variables for
reason of weak correlation with demandor multicollinearity with other explanatory variables. In the case of
multicollinearity, the EDA process opted for simplicity by selecting more easily understood variables such as
dry temperature. These variables were then used in the final minimum/maxinm demand model.

Table 11 List of Variables included for minimum/maximum demand model

Public holiday Dummy flag for public holiday

Weekenddummy Dummy flag for weekend

Month factor A factor variable with values foreach months of the year

Dry temperature (D Half-hourly dry temperature with a @ cut off

Dry temperature HD Half-hourly dry temperature with a HD cut off

Dry temperature D? Half-hourly dry temperature with a (D cut off squared

Dry temperature HD? Half-hourly dry temperature with a HD cut off squared

Dry temperature 3-day rolling average CD Three-day rolling average of dry temperate with a CD cut off
Dry temperature 3-day rolling averageHD Three-day rolling average of dry temperate with a CD cut off
Dry temperature 2-day rolling average CD Two-day rolling average of dry temperate with a CD cut off
Dry temperature 2-day rolling averageHD Two-day rolling average of dry temperate with a CD cut off

Dry temperature 1-day rolling average CD One-day rolling average of drytemperate with a CD cut off

Dry temperature 1-day rolling averageHD One-day rolling average of dry temperate with a CD cut off

32 The variance inflation factor is a measure of multicollinearity between the explanatory variables in the modeluMcollinearity occurs when multiple
explanatory variables are linearly related and is undesirable because it could have the effe¢increasing the variance of the model.

33 A 10fold cross validation was performed by breaking the data set randomly into 10 smaller sample sets (folds). The model wasedion 9 of the folds
and validated against the remaining fold. The model was traied and validated 10 times until each fold was used in the training sample and the validation
sample. The forecast accuracy for each fold was calculated and compared between models.
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54 Simul ate base yesati pwgather nor

The linear models selected from the above proceswere used to simulate demand foreach region. Historical
weather eventswere simulated to develop a weather distribution to weathernormalise demand and random
shocks in response to demand drivers:

YEQQI a OMSQ -
where

1 "Qw is the relationship between demand and thedemand drivers such as weather.

1 - represents random normally distributed* changes in demand not explained by the model demand
drivers.

The weatherwas simulated for the base year by bootstrapping historical weather observationsi( ) to create

a year consisting of 17,520 halhourly weather observations. A synthetic wediter-year was constructed by

randomly selecting 26 foatheghbl gclwed)l heenpatitegnshgdyv
assigned to the corresponding time of the year. A total of 20 years of historical weather dataas

bootstrapped®. A total of 1,000weather simulations were created to derive 1,000 weather years of data (at

half-hourly observationsy®.

Linear regression modelsvere used to estimate demand for the given conditions of a synthetic year, which
accounts for the correlation between demand and the conditions implied by the models. Simultaneously, a
random shockwassimulated to account for the component of demand variability unexplained by weather
conditions and other demand drivers captured in the linear model{ ). This shock recognisd random
variability that is not captured through the weather correlation estimae but wasneeded to appropriately
simulate stochastic variability observed in a weathesensitive process. The synthetic haliourly demand
traceswere estimated for 1,000 simulated years.

The simulation process recognise that there are several drivers 6demand including weather, day of week,
and hour of day, as well as random shocks in demand. The process also preseaitbe probabilistic
relationship between demand and its key drivers.

55 Forecast probability of exceed:

The forecast process grows halhourly demand by economic conditions such as price and GSRlemographic
conditions such as connections growthand technological conditions such as electric vehicle uptakéo derive
an annual growth index.

The forecast yearon-year changewasapplied to each of the 17,520 hakhours for each simulation andto
each forecast year.

The process then calculatedlemand not met by solar by subtracting rooftop PV and PVNSG generation.

This processyields minimum/maximum demand valuesat each halfhour over a simulated year This
representsthe minimum/maximum half-hourly prediction of the 17,520 hakhourly predictions in a given
year, for each year in the forecast horizonAfter simulating 1,000 timeghere were 1,000 values for each
forecast year for each season for each scenarid=rom the 1,000 simulateaninima/maxima, AEMO then

34 A fundamental assumption of Ordinary Least Squares (OLS) is that teeror term follows a normal distribution. This assumptionwastested using graphical
analysis and the JarquéBera test.

35 Bootstrapping with replacement preserves empirical correlations between timeof-year, temperature and solar irradiance time series.

36 Previous tests have found that 500 Monte Carlo simulations is a sufficient number of simulations to converge to a stable rié¢hat varies by less than half
a percent.
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extracted the 50% and 10% POEs as well as thkaracteristics at times of the minimum/maximum (such as
weather conditions and calendarpositioning at the time of minimum/maximum).

In Figure 10

1 The first distribution represents the variability of 17,520 haliour demand for each simulation. This is
obtained for all years needed to produce a forecast year. Data for one halfiour representing the largest
predicted MD (indicated by the red box and arrow) was then extracted from the 17,520 halfours and
added to the distribution of annual maxima (represented by the smadir bell curve). This extraction was
repeated 1,000 times, once for each simulation.

1 The second smaller bell curve represents the distribution of maxima which may or may not be normally
distributed.®”

AEMO extractsminimum/maximum values by region from thisminima/maxima distribution by selecting the
10", 50" and 90™ percentile as90%,50% POE and 10% POE values, respectively.

Figure 10 Theoretical distribution of annual half  -hourly data to derive maxima distribution
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Auxiliary losses

AEMO forecast auxiliaryjossesduring maximum and minimum demand by estimating the average

percentage of auxiliary by timeof-day and dayof-year. AEMO then applied the average auxiliary percentage
for the relevant time of minimum and maximum demandto the auxiliary forecast For instance, if the
maximum operational demand valuein the simulation occurs at18:00, then theaverageauxiliary percentage

at 18:00 is appliedo calculate auxiliary at that time

%7t is not necessary for tle minima or maxima to follow a rormal distribution. Regardess of whether the distribution is skewed, leptokurtic, mesokurtic or
platykurtic, the percentiles can be found by ranking the minimum/maximum demand values and extracting the desired percentile.
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6. Half-hourly demand

fraces

Demand traces (referred to as demand timeseries in general terms)vere prepared by deriving a trace from a
historical reference year and growing (scaling) it to meet specified future characteristics using a constrained
optimization function to minimize the differences between the grown trace andthe targets.

The traces were prepared on a financiayear basis to various targets, categorised as:

f
f
il
il

Maximum summer demand (at a specified pobability of exceedance level).
Maximum winter demand (at a specified probability of exceedance level)
Minimum demand (at a specified probability of exceedance level)

Annual energy (consumption).

Traceswere differentiated by:

f
f
f
f
f

NEM region.

Historical reference year
Target year

Scenaria

POElevel.

The trace development processvas conducted in two passes:

1

Pass 1. @wing the reference year trace m an operational demand as sentout lite (OPSOlite) basis
(demand trace has technology components removed, refer to Sectio6.2 for full description).

Pass 2. Reinstating technology components and reconciling the time series to meet the OPSO
characteristics.

The trace development process is summarised as a flow diagram Figure 11
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Figure 11 Trace development process flow diagram
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6.1 Gr owtshcal ing) algorithm

Demand from the particularreference yearwas scaled to match the targets of the forecast year using a
constrained optimisation algorithm. Each pass of the twepass approach followed this growth algorithm. The
algorithm found scaling factors for each hakhour which minimised the difference between the adjusted
demand and the demand and consumption targetssuch that seasonality, weekly and intralay demand
patterns are preserved Thedemand trace wasadjusted for each period so that the targetwas met for each
pass.

The approach:

1.

Categorised each day in the reference year into daytype groups (high-demand days in summer, high
demand days in winter, lowdemand days and other). A threshold number of days in each groupwas
nominated as an input parameter.The threshold number of dayswas configurable by region and was
based on the characteristics of the region and analyst judgemertb optimise the demand targets

. Applied a day-swapping algorithm, such that weekends or public holidays in the reference year align with

weekdays or publicholidays in the forecast year.

. Scalal the maximum demand value of the higher demand days in the reference year up to the maximum

demand targets for summer and winter.

Scalal the minimum demand of the low demand days in the reference year to the annual minimum
demand target.

Determined the scaling factor for each daytype group such that the sum of demand across the year
equals the annual energy target.

. Calculated future annual energy for each daytype group by multiplying the energy in each daytype

group with demand scaling factors.
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7. The 00t her @ noksealng faciopfer thé murpose of meeting a demand target. As such, the
approach allocated the remainder of futuree ner gy t o t-lyme caegdryifoe puposel dd y
meeting the annual energy target.

8. Checkedthe grown traces against the targets. If all targetsvere met, the processwas complete. If any of
the targets were not fully met, the algorithm re-grew the demand traces for the reference year recursively
by repeating steps 1 to 4 until the targetsvere met.

In the case of negative operational demand, lie process manage the handling of periods near or below
zero by adding afixed amount to all periods before growing. Thiswasthen removed after growing.

6.2 Pasd&grilow t ol iOPESSQ arget s

As highlighted in Figure 11the first passgrew the OPSQOlite reference year traces to the forecast year
OPSQlite targets. OPSQlite is operational demand that has been cleaned to remove atypical demand events
and has had the impact of the following technologies removed:

1 Rooftop PV (PVROOF).

1 Non-scheduled PV (PVNSG).

1 Energy storagesystems (ESS)

9 Electric vehicles (EV)

1 Demand side participation (DSP).
9 Inthe case of Queensland, CSG.

After growing the traces, the technology componentswere reinstated. This producel an unreconciled OPSO.
The technology components were also prepared to reflect changing installed capacities, vehicle numbers,
installation numbers or, in the case of CSG, demanduch that these componentswere consistent with the
forecasts for the forecast year.

6.3 Recondciol itmg OPSO targets

The secondpasssought to ensure that the grown maximum operational demandmet the OPSO targets.

Generally,becausethe trace is based on historical information, the unreconciled OPSO maximum demand

d o e salways meet the OPSO target once rooftop PV and PVNS@&ere taken into account, as well as DSP
This is because the OPSO targetsere based on simulating weather D00 times, while the reference year is a
single weather year. Further, the reference year may be an unexceptional demand year grown to a 10% POE
demand year and this stretching can cause the OPSO targets to be missed.

The second pasge-ran the growth algorithm in Section 5.2 to ensure the OPSO characteristiogere met. The
technology components were not modified, therefore this process, in effect, ensur@ that OPSO targetswere
met but could only be done if proximity to OPSGlite targets wasrelaxed.

64 Reporting

AEMO preparedthe traces with all the components such that theywere modular, and the usercould apply
the components to calculate the desired denand definition. The choice of trace definition depencetd on the
purpose of the modelling performed. For example, the market modelling strategyould elect to model PV
separately or model ESS as a virtual power plant, in turn necessitating control over hotoise resourceswere
discharged
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Al. Electricity retail pricing

AEMO assesses behavioural and structural changes of consumers in response to real or perceived high retail
prices. AEMO calculated the retail price forecasts sourcing a combination of AEMO intermabdelling and
publicly available information. Separate prices have been prepared for three market segments:

1. Residential prices
2. Commercial prices
3. Industrial prices

The electricity retail price projections were formed from bottomup projections based on searate forecasts
of the various components of retail prices. The key components of retail prices include

1 Network costs.

1 Wholesale costs.

1 Environmental costs.

9 Retail costs and margins.

In the 2018 ESOO, AEMO developed wholesale price forecasts for thedlrscenarios, separating the network,
environmental, and retail components for different customer classes, based on the method used in the Retail
Electricity Price History and Projected Trends Jacobs RepSrt

Residential pricing was modelled and estimateégainst published pricing data and recent price trends
discussed in the 2017 Residential Electricity Price Trends AEMC Refofthe process of residential pricing
modelling is summarised in0.

38 Jacobs, Retail Electricity Price History and Projectiorasjailable athttps://www.aemo.com.au/Electricity/National Electricity Market-NEM/Planning-and-
forecasting/Electricity Forecasting Insights/2017Electricity ForecastingInsights.

39 AEMC, 2017 Residential Electricity Price Trends, availablétas://www.aemc.gov.au/marketsreviews advice/201Zresidentiak-electricity-price-trends.
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Table 12 Residential pricing model component summary

Component Process summary

1 Employ wholesale cost methodology from Retail Electricity Price History and Projected Trends Jacok
Report and apply to AEMO's wholesale spot price

9 Use 2017 Residential Electricity Price Trends AEMC Report

1 Employ network costs methodology from Retail Electricity Price History and Projected Trends Jacobs
Report and apply to extrapolate the trajectories

1 Benchmark against published network tariffs

9 Use 2017 Residential Electricity Price Trends AEMC Report
1 Refine parameters using Retail Electricity Price History and Projected Trends Jacobs Report

9 Extrapolate thetrajectories based on publicly available information of environmental schemes. These
include federal and statebased renewable energy, energy efficiency and feeeh-tariff schemes

9 Use 2017 Residential Electricity Price Trends AEREport

* The wholesale costs component of retail price consists of wholesale price, hedging cost, ancillary services, market feeseaergy
losses from networks.

Commercial and industrial pricing modelswvere developed usingthe residential pricing model asa baseline.

Each component is thenadjusted based on methodologyfrom the Retail Electricity Price History and
Projected Trendsreport.
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A2. Weather and climate

A2.1 Heating Degree Days (HDD) and Cooling Degree Days (CDD)

HDD and CDD aremeasures of heating and cooling demand, respectively. They arestimated by differencing
air temperature from a criticaltemperature.°

Table 13 Critical regional temperature sfor HDD and CDD

Region Critical Temperature in degrees C
HDD critical temperature CDD critical temperature

New South Wales 17.0 19.5
Queensland 17.0 20.0
South Australia 16.5 19.0
Tasmania 16.0 20.0
Victoria 16.5 18.0

Note: The critical HDD and CDD temperatures for each regionra not industry-standard valuesbut are selected for each region based
on the temperature at which a demand response is detected.

The formula for HDD" is:
‘000 0 Gdah'Y # 4
The formula for CDD*? is:
6 00 0 &coe 4 Y
whetYies average 30 minute temperature betawd&€€inthedd: 00 PM
critical temperature threshold in relation to the relevant region.
HDD and CDD areused in modelling and forecasting of consumption andare calculated at the regianal level.

The weather station temperature datais sourced from the BoM 3 and the stations used are given below.

Table 14 Weather stations used for HDD and CDD

New South Wales BANKSTOWN AIRPORT AWS 1989/01 ~ Now
Queensland ARCHERFIELD AIRPORT 1994/07 ~ Now
South Australia ADELAIDE (KENT TOWH) 1993/10 ~ Now
Tasmania HOBART (ELLERSLIE ROAD) 1882/01 ~ Now
Victoria MELBOURNE (OLYMPIC PARK) 2013/05 ~ Now
Victoria MELBOURNE REGIONAL OEEI 1997/10 ~ 2015/01

40 Critical temperature isa threshold temperature for electricity heating.

41 All the HDDs in a year are aggregated to obtain theannual HDD.

42 All the CDDs in a year are aggregated to obtain theannual CDD.

43 Bureau of Meteorology Climate Datahttp://www.bom.gov.au/climate/data/.

44 Kert Town station is anticipated to close permanently. Adelaide Airport weather station will be used for South Australia oncerK& own is unavailable
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A2.2 Determining HDDand CDD Standards

The data used to derive a median weather trendare from 2000 to the reference year AEMO has used the
derived median weather standard for future HDD/CDD projections using a probabilistic methodology for a
given region. This was calculatedased on the following formulas:

T T OAT (8/$%UL 100 Qg0
T 1T OAT #®/$%0 16 OQp o

where HDDss is heating degree days over a 365day period, based on a dailyrolling period starting from
1January 2000until the latest available data pointin the reference year, and POE50 is where 50% Probability
of Exceedance is expected for the given total heating/coolinglegree days within that 365day period.

Dry-bulb temperature (DBT) is the temperature measured by a thermoeter freely exposed to airbut
shielded from radiation and moisture. DBT igquivalent to air temperature. In contrast,wet-bulb temperature
(WBT) is the temperature read by a webulb thermometer (a thermometer shrouded in a water-soaked cloth)
over which air is passedAt 100% relaive humidity, the wetbulb temperature is equal to the air temperature
(dry-bulb temperature) and is lower at lower humidity.

A2.3 Climate change

AEMO incorporated climate change into its minimum and maximum demand forecast as well as its annual
consumption forecast. For the annual consumption forecast, average annual temperatures are increasing by a
constant rate. However, hakhourly temperatures have higher variability and increasing extremes due to the
higher frequency of the data.

AEMO collaborated with tre BoM and CSIRO to develop a climate change methodology for the purpose of
half-hourly demand forecasting. This process recognised that climate change is impacting temperature
differently across the temperature distribution. Generally, higher temperatureare increasing by more than
average temperatures which are increasing more than low temperatures. This results in higher extreme
temperatures relevant to maximum demand.

The methodology adopted a quantile-to-quantile marching algorithm to statistically downscale publicly
available daily minimum, mean and maximum temperature projects out to 20 to 50 years.

The methodology can be broken into six steps:

9 Step 1. Collect climate projection data fromwww.climatechangeinaustralia.gov.ador weather stations
relevant to the region.

9 Step 2. Collect historical actual halhourly weather station observations from the BoM and calculate the
daily minimum, mean and maximum temperature

i Step 3. Calculate theempirical temperature cumulative density function (CDF) in the projection period for
the daily minimum, mean and maximum temperatures.

1 Step 4. Calculate the empirical temperature CDF of the historical weather data for the daily minimum,
median and maximumtemperatures.

i Step 5. Match the temperature quantiles of the projected temperature distribution with the quantiles of
the historical temperature distribution. Assign a scaling factor for eachjuantile for daily minimum,
mean/median and maximum temperature.

9 Step 6. Interpolate the daily minimum, mean/median and maximum scaling factor for each quantile down
to the half-hourly level.
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Step 1 & Collect daily temperature projection data

1 Collect daily minimum and maximum temperature projection data from:
https://www.climatechangeinaustralia.gov.au/en/climateprojections/explore-data/data-download/station-
data-download/

9 Collectdata for each climate model:
0 ACCESSD, CanESM2, CESMIAMS5, CNRMCM5, GFDEESM2M, HadGEM2, MIROC5, NorESM1
1 The mean temperature for each day is calculated (i.e., simple average equated as (dailinimum + daily
maximum)/2).
Step 2 & Collect historical act ual half -hourly temperature observations and calculate daily
minimum, median and maximum

9 Collect half hourly temperature data for weather stations in each region relevant to the energy demand
centres of those regions.

9 Find the daily minimum, median and makmum temperatures.

To ensure that the daily midpoint matches to an actual halfhourly value the median is used in place of
the daily mean. As temperature is (normally) normally distributed the median should be roughly equal to
the mean to within a fraction of a percent.

Step 3 d Calculate the empirical temperature CDF of projected daily temperatures data

1 Setup an 1iyear rolling window to account for variability in weather between different years including the
8 different weather models in the same window(in effect 8 * 11 years in the window).

1 Rank the daily minimum, mean and maximum temperatures from lowest to highest for the dylear window
including the 8 weather models.

9 Attribute a percentile to each temperature value in the forecast horizon.

Step 4 0 Calculate the empirical temperature CDF of historical daily observations
9 Set up an 1iyear rolling window to account for variability in weather between different years.

1 Rank the daily minimum, median and maximum temperatures from lowest to highest for th&tyear
window.

9 Attribute a percentile to each temperature value in history.

Step 5 & Map historical temperature quantiles to projected temperature quantiles and assign a
scaling factor

1 Map quantiles of the forecast model daily CDF onto quantiles of the istorical CDF.

i Calculate a scaling factor for each quantile for daily minimum, mean/median and maximum temperatures.

Step 6 & Interpolate daily scaling factors to half ~ -hourly and scale

1 Rank the 48 halfhourly temperature observations for each day from thedaily minimum to the daily
mid-point and to the daily maximum.

1 Interpolate the scaling factor for each hakhour.

i1 Scale up each historical hathour for each historical weather year to match each projected weather years.
The final result isa table with dimensions™Y Y p X v qwitere:

1 “Yis the number of historical actual weather years;

1 "Y is the number of projected weather years in the forecast horizon; and

1 17520 halfhourly data points in each weather year.
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A3. Rooftop PV and
energy storage

A3.1 Rooftop PVforecast

A3.1.1 Installed capacity forecast

AEMOds 2018 forecast of i (nstallaidn$ vatida capaqgitya<clOOtkW) whstbased o o f t 0 [

on advice from external consultancy CSIRO, whose report provides details of the approdeh
The main driversbehind the forecast rooftop PV uptake were:
9 Financial incentives, such as Small Technology Certificates (STCs) and feetriffs (FiTs).

1 Installation costs, including both system/component costsandnoth ar dwar e o0soft costso,
marketing and cusbmer acquisition, system design, installation labour, permitting and inspection costs,
and installer margins.

1 The payback period considering forecast retail electricity prices and feeih tariffs.

Population growth across most states in Australia, allowifor more rooftop PV systems to be adopted
before saturation is reached.

CSIRO forecast effective capacity, which is the capacity adjusted for degradation of panels over time. AEMO
rebased the CSIRO forecast so the forecast starts from the most recene@h Energy Regulator (CER) data.

A3.1.2 Rooftop PV generation

AEMO has developed, with the University of Melbourne, a rooftop PV generation model which, for each
region, estimates the historical 3@minute generation of installed systems. The historical generatiois based
on weather data since 1 January 2000.

This model produces a measure of total generation, as well as the average generation of a notional 1 kW unit
of capacity, with the average generation being the 58 percentile of the observed annual generation since
2000.

For each region, two profiles were calculated, one for nortifacing PV panels and one for wesffacing PV
panels.

The generation profiles were used to calculate total rooftop PV generation in futurgears, by multiplying with
the forecast effective rooftop PV capacity. The nortHfacing and westfacing profiles were blended, starting
from purely the north-facing profiles. Further to this, AEMO has assumed that over time there will be a shift
towards a more westerlyshift in rooftop panel orientation, reaching 10% of the forecast effective capacity
after 20 years. This reflects AEMOG6s assumptions that:

1 As more and more solar generation is connected to the NEM, grigsupplied electricity will increase ircost,
relative to the value of exporting rooftop PV generation to the grid around the time of the evening peak.

“CSI RO consultancy repocdal & Pemnlh edd e danddablédo mtp:/samg hans.dom.au/Electricity/Planning/Forecasting
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1 Consumer incentives will continue to evolve over theforecastperiod to reflect the lower value of
generation mid-day and increasing value towads the evening peak.

1 Westfacing panels, which better align rooftop PV generation with the period of peak consumption and
assumed higher energy cost, will remain economic for installation and use and add approximately 10% to
generation output during the late afternoon compared to north-facing panels.As illustrated in Figure 9
west-facing panels generate around 15% less power at midday and 15% more power towards sunset
relative to north-facing panels.The proportion of west-facing panels is estimated to rach 10% by 202728
so the change in PV outputfrom west-facing panels will amount to around1.5%at the time of maximum.
This isimmaterial relative to total operational demand.

Figure 12 North-facing vs west-facing PV generation

— North-facing
— West-facing

Mean normalised
generation

Hour

Source:Melbourne University

A3.2 Energy Storage Systems forecast

A3.2.1 Installed capacity forecast

The CSI RO pr ovi de deEnekgy St@dps SystameESS).alketESDfbrecast is behitite-meter
residential and business batteries integrated with PV systems less than 100 kW. These forecasts do not include
grid-connected batteries.

The main drivers for the ESS installed capacity forecast were:

i State andFederal incentive schemes.

1 The payback period for integrated PV and ESS systems considering forecast retail prices.

1 Population growth.

1 The uptake of rooftop PV systems (as ESS is forecast as an integrated PV and ESS system)

A3.2.2 ESS charge discharge profile ugkin minimum and maximum demand
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CSIRO also provided AEMO the daily charge and discharge profile for behirttie-meter ESS used in the
minimum and maximum demand modelling. The profiles were based on historical solar irradiance (as ESS
charges of the rooftop PV) and with the strategy to minimise household/commercial business bills without
any concern for whether the aggregate outcome is also optimised for the electricity system. In the strategy,
the consumer considers the price of electricity at the time, thdeed-in-tariff to export to the grid, the retalil
price as well as the opportunity cost for the energy being available later in the day.

A3.2.3 ESS in annual consumption

For the purpose of annual consumption, ESS simply stores energy to use latgit does not generate energy

like rooftop PV. So, ESS consumes energy due to its rourtdp efficiency of around 90%. That is, for the

amount of installed capacity in the system in kWh, ESS suffers 10% losses, effectively acting like consumption
in a similar way as netwok losses.This load isaccounted for in business and residential consumption

forecasts.
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A4. Elecitric vehicles

A4.1.1 Electric vehicles forecast

The CSI RO provided AEMOGs 9, incluingaesidentalf lighedoreneetcial,iamd v e hi c | €

heavyc o mmer ci al such as buses and trucks. The CS4% RO
The main drivers for the EV forecast were:
1 Relative price between EV and alternatives.

1 Payback periodd EVs have higher upfront costs in the initial period® t he f orecast but
kW per km.

1 Level of increased ride sharing reducing the number of vehicles.

1 Battery and technology improvements.

A4.1.2 Electric vehicles charge profiles used in minimum and maximum demand

CSIRO also provided AEMO the dbi charge and discharge profile for EVs used in the minimum and
maximum demand modelling. The profiles were based on a study of around 1,000 vehicles in the UK and
adjusted for Australian driving patterns and retail pricing structures.

CSIRO provided thre different charge profiles:

1 Convenience charging, where the average driver plugs their vehicle into charge as soon as they get home
in the case of residential. This charge profile represents about a 40% diversity factor recognising that
residential vehiceés get home at different times of day.

1 Smart day charge, where the assumption is made that vehicles are incentivised and able to charge in the
middle of the day during the solar trough and avoiding charging during peak electricity demand times.

1 Smart nightcharge 6 where the assumption is made that vehicles are incentivised and able to charge
overnight outside of peak hours.

The charge profiles were used in the minimum and maximum demand simulation process.
A4.1.3 Electric vehiclesannual consumption

For the purpose of annual consumption, EVs travel a certain number of kilometres in a year, with a certain
level of efficiency per charge. The time of charge is not important when considering annual consumption.

46 https://www.aemo.com.au/Electricity/National Electricity Market- NEM/Planning and-forecasting/NEM-Electricity Statement of-Opportunities
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A5. Connections and
uptake of electric
appliances

A5.1 Connections

As theretail market operator for most Australian electricity retail markets (except NT and TAS), AEMO has
access to historical connections data for these marketsjstorical connectionsdata for the other marketsare
acquired from a confidential survey AEMO forecast the number of new connections to the electricity network,
starting from the most recent datahistory, as this is a key driver for residential electricity demandihe

number of new connections is driven by demographic and social factors likpopulation projections and
changesto household density.

The electricityconnection forecastswere made up of two components, residential and nonresidential
electricity connection forecasts AEMO only used the residential electricity connections to forecast residential
sector consumption. The nonresidential component was captured by the commercial sector which is driven
by economic indicators. Therefore, AEMO underwent a process of splittinfpe residential connections
projections from the non-residential connectiond’.

Residential electricity connections are determined by:
i Forecasting the total number of households for eactstate:

0 To forecast the number of households for eactstate, AEMO projected the number of dwellings based
on the Housing Industry Association (HIA) dwelling completion forecasts and the Australian Bureau of
Statistics (ABSpopulation and density forecasts.

0 The starting point was the current number of residential connectins as reported by network
businesses, used as proxy for household$he HIA growth forecastswere applied to the historical
number of households from the previousyeaywi t h HI A6s f orecast s-tarmmpl ement e
forecast (the firstthree years) kefore transitioning into the ABSpopulation and density forecasts over
the medium to long-term.

1 Forecasting the number of residential electricity connections. The total number of electricity connections
wasassumed to be a single connection for each housetid over the outlook period. This assumption
appears to be consistent with the historical number of electricity connectionsf each network operator for
each state.

HIA forecasts have beerslightly modified by AEMO sothat the long-term growth rate converges smoothly
into the growth rate of the long-term ABS population projections!® HIA provided forecasts for the period
2018-19 to 2025-26. Beyond 2026, the number of connections was forecast using the same yean-year
growth rate asthe ABS population projections.

““Residential connections forecasts ar e ayv ahitpl/eoledagingaemo.doBMOds Forecasting Data F
48 Australian Bureau of Statistics, 2013, Population Projections, Ausa&l012 (base), cat. no. 3222.0.
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A5.2 Uptake and use of electric appliances

AEMOusesappliance datafrom the Australian Government Department ofthe Environmentand Energy*® to
forecast growth in electricity consumption by the residential sectar

The data alloved AEMO to estimate changes to the level of energy services supplied by electricity per
households across the NEM. Energy services here is a measure based on the number of appliances per
category across the NEM, their usage hours, anttheir capacity andsize.Figure 13illustrates the difference
between energy services and energy consumption.

Figure 13  Energy services vs energy consumption

A5.2.1 Appliance growth calculation

The following |lists how AEMO calcul ates energy

1 Heating/cooling: Appliance penetration x output capacity of appliance x hours used per year.

1 White goods: Appliance penetrationx capacity (volume of freezer/refrigerators/washing machinek
number of times used per year (dishwashers, washing machines and dryers only).

1 Home entertainment: Number of appliancesx hours used per year x size (TVs only).

Lighting: Number of light fittings.

4 AEMO would like to thank the E3 Committee for access to the appliance model underpinning thi2015Residential Baseline Study for Australia 208®03Q
available at www.enelgyrating.com.au.

© AEMO 2018| Demand Forecasting Methodology Infornation Paper 50

ser vi
penetrationd6 is the number of appliances in total

di

C €
Vi


http://www.energyrating.com.au/




























