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The Independent Competition and Regulatory Commission is a Territory Authority
established under the Independent Competition and Regulatory Commission Act 1997
(the ICRC Act). The Commission is constituted under the ICRC Act by one or more
standing commissioners and any associated commissioners appointed for particular
purposes. Commissioners are statutory appointments and the current Commissioners
are Senior Commissioner Malcolm Gray and Commissioner Mike Buckley. We, the
Commissioners who constitute the Commission, take direct responsibility for delivery
of the outcomes of the Commission.
We have responsibilities for a broad range of regulatory and utility administrative
matters. We have responsibility under the ICRC Act for regulating and advising
government about pricing and other matters for monopoly, near-monopoly and
ministerially declared regulated industries, and providing advice on competitive
neutrality complaints and government-regulated activities. We also have responsibility
for arbitrating infrastructure access disputes under the ICRC Act. In discharging our
objectives and functions, we provide independent robust analysis and advice.
Our objectives are set out in section 7 of the ICRC Act and section 3 of the
Utilities Act 2000.
Correspondence or other inquiries may be directed to the Commission at the following
addresses:
Independent Competition and Regulatory Commission
PO Box 161
Civic Square ACT 2608
Level 8
221 London Circuit
Canberra ACT 2601
We may be contacted at the above addresses, by telephone on (02) 6205 0799, or by
fax on (02) 6207 5887. Our website is at www.icrc.act.gov.au and our email address is
icrc@act.gov.au.
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How to make a submission
The Commission is seeking comment on this paper. The technical paper provides an
opportunity for stakeholders to inform the development of the draft report. It will also
ensure that relevant information and views are made public and brought to the
Commission’s attention.
Submissions may be mailed to the Commission at:
Independent Competition and Regulatory Commission
PO Box 161
Civic Square ACT 2608
Alternatively, submissions may be emailed to the Commission at icrc@act.gov.au. The
Commission encourages stakeholders to make submissions in either Microsoft Word
format or PDF (OCR readable text format – that is, they should be direct conversions
from the word-processing program, rather than scanned copies in which the text cannot
be searched).
For submissions received from individuals, all personal details (for example, home and
email addresses, and telephone and fax numbers) will be removed for privacy reasons
before the submissions are published on the website.
The Commission is guided by and believes strongly in the principles of openness,
transparency, consistency and accountability. Public consultation is a crucial element of
the Commission’s processes. The Commission’s preference that all submissions it
receives be treated as public and be published on the Commission’s website unless the
author of the submission indicates clearly that all or part of the submission is
confidential and not to be made available publicly. Where confidential material is
claimed, the Commission prefers that this be under a separate cover and clearly marked
‘In Confidence’. The Commission will assess the author’s claim and discuss appropriate
steps to ensure that confidential material is protected while maintaining the principles of
openness, transparency, consistency and accountability.
We may be contacted at the above addresses, by telephone on (02) 6205 0799 or by fax
on (02) 6207 5887. The Commission’s website is at www.icrc.act.gov.au.
To be considered in the draft report, submissions on the technical paper are due with the
Commission by 5 pm, 23 February 2015.
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Foreword
In 2013, there was only a limited experience of water consumers' behaviour post water
restrictions and that experience was dominated by the unseasonably cool and wet
summers that followed the Millennium drought. In making its price direction in regard
to the treatment of water sales at the first biennial, the Commission left itself free to
take advantage of any new information that emerged in the intervening period. Given
that the forecast of water sales has traditionally been one of the most contentious areas
in a water and sewerage services review, the Commission wishes to give stakeholders
an early opportunity to respond to its current thinking. This will give the Commission
the opportunity to consider those responses in framing its draft report.
This technical paper describes the recent work of the Commission in this area and
invites responses. The Commission looks forward to hearing from stakeholders.

Malcolm Gray
Senior Commissioner
19 January 2015
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Introduction

1.1

Background and purpose of the technical paper

Clause 10 of the Price Direction: Water and Sewerage Services, 1 July 2013 to
30 June 2019 (the price direction) requires the Independent Competition and
Regulatory Commission (the Commission) to undertake two biennial recalibration
processes. The first is to determine maximum prices for regulated water and sewerage
services that may be charged by Icon Water Limited (Icon Water) for the regulatory
year commencing 1 July 2015, and the second to determine prices for the regulatory
year commencing 1 July 2017.1
The biennial recalibration process involves the updating of the following elements of
the pricing model:


operating expenditure forecasts;



historical capital expenditure estimates;



capital expenditure forecasts;



cost of capital, including the cost of debt, return on equity and gearing ratio;



total revenue requirement adjusted to give the net revenue requirement;



water sales volumes and customer number forecasts; and



sewerage customer number and fixture forecasts.

The first biennial recalibration, known as the 2015 biennial recalibration, commenced
with the Commission providing Icon Water with an information request on
29 October 2014. The request sought information on historical and forecast operating
and capital expenditure and demand for water and sewerage services. Icon Water
provided the completed information return to the Commission on 1 December 2014.
The Commission subsequently published the information return on its website.2
The Commission will assess the information provided, update the pricing model
accordingly, and issue a draft report by 1 April 2015 setting out the Commission's draft
determination on maximum prices to apply from 1 July 2015.
In developing its draft position in the 2015 biennial process, a critical decision facing
the Commission is the determination of the forecast water sales volume to apply in
201516 and 201617. This parameter, and its determination, is important for two
reasons.

1

On 28 October 2014, ACTEW Corporation Ltd changed its name to Icon Water Limited.

2

See http://www.icrc.act.gov.au/water-and-sewerage/inquiries-and-investigations/.
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The first relates to price. The forecast sales volume is a key determinant of the water
prices Icon Water customers will face. All other things being equal, the higher the
forecast volume the lower will be prices and vice-versa. The second concerns revenue.
The forecast sales volume is also critical to Icon Water's revenue stream. Setting prices
on the basis of a sales volume that turns out to be too high reduces Icon Water's
revenues and may threaten its financial viability. Setting prices on the basis of a sales
volume that turns out to be too low has the opposite effect, generating more revenue
than the Commission has determined is required and charging customers prices in
excess of those required.3
Moreover, compared to other key parameters such as cost of capital, the Commission
has a degree of discretion in setting the forecast water sales volume in the biennial
recalibration process. Specifically, the price direction does not set out an explicit
method to be followed in the biennial to set water demand volumes. A natural
inference from the Commission's 2013 final report is that the Commission will apply
the same approach it took in the 2013 decision. That approach, in short, is to review the
relevant forecasting models and latest consumption and climate data, and determine a
forecast that provides reasonable assurance that Icon Water will recovers the regulated
revenue that the Commission has determined that it requires.
Given the importance of this parameter, and the degree of discretion around its
determination, the Commission has decided to publish a paper setting out its working
conclusions on forecast water sales volumes in advance of the draft report. This will
provide stakeholders with the opportunity to comment on the Commission's approach
prior to the Commission finalising its draft report in late March 2015.
This paper explores recent movements in ACT billed demand volumes and weather
variables, provides updates on a number of previously used econometric forecasting
models and presents a number of new models, concluding with the Commission’s
initial position on the forecast water volumes to be applied to set water prices for
201516 and 201617.
For its draft report, the Commission is seeking stakeholder comments on this paper by
23 February 2015. Details on how to make submissions are provided in the 'How to
make a submission' section at the beginning of this document.

1.2

Timeline of the 2015 biennial process

The timeline for the 2015 biennial recalibration process is shown in Table 1.1. The first
four tasks have been completed. The final three are subject to the findings of the
review of the Commission's 2013 price direction being undertaken by the Industry
Panel. Assuming the Panel does not suspend the current price direction following an
3

All profits made by Icon Water flow to the ACT Government in the form of dividend payments and tax
equivalent payments.

2
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application for suspension, whether the 2015 biennial recalibration proceeds to
completion will be determined by the timing and content of the Panel's final report.
Table 1.1

Indicative timeline for the 2015 biennial recalibration

Task

Date

1 Information request provided to Icon Water

29 October 2014

2 Information return provided to the Commission

1 December 2014

3 Information return published

8 December 2014

4 Demand modelling paper published

20 January 2015

5 Submissions on demand paper close

23 February 2015

6 Release of draft report

1 April 2015

7 Submissions on draft report close

5 May 2015

8 Release of final report and prices

11 June 2015

1.3

Structure of the paper

The remainder of the paper is structured as follows:


Chapter 2 provides a brief description of four historical and current econometric
demand forecast models, all of which employ ordinary least squares regression
(OLS) analysis to some degree, that have been or are in the process of being
applied to forecast water demand in the ACT.



Chapter 3 details the most recent time series data on dam releases, ACT billed
water consumption, rainfall and temperature. It includes a brief discussion on
the structural uncertainty issue.



Chapter 4 examines the OLS regression model results from a number of the
models utilising the new demand and climate data. It also compares the fitted
results to actual billed consumption up to 201314.



Chapter 5 presents comparative demand forecasts from the various OLS models
for 201415, 201516 and 201617.



Chapter 6 describes, and present forecasts derived from, a new autoregressive
integrated moving average (ARIMA) forecasting model developed by the
Commission for the 2015 biennial recalibration.



Chapter 7, informed by the foregoing discussion, presents the Commission’s
initial position on the draft water volumes it proposes to apply in the upcoming
biennial period.
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2

OLS econometric models

2.1

Introduction

This chapter provides a brief description of four historical and current econometric
demand forecast models, all of which employ ordinary least squares (OLS) regression
analysis in varying degrees.4 The models, in chronological order of their development,
are:5


Icon Water's Letcher-Breusch model;



the Commission’s mid-term review (ICRC mid-term) model;



Icon Water's 2013 Breusch-Ward model; and



Icon Water's 2015 biennial recalibration (BR2015) model.

2.2

Letcher-Breusch model

Icon Water utilised the Letcher-Breusch model, with a few modifications, to generate
water volume forecasts for the mid-term review conducted during the 200813
regulatory period. The forecasts covered 201112 and 201213.
The Letcher-Breusch model has two stages. First, it forecasts monthly total billed
consumption based on assumptions about future net evaporation and restrictions on
water consumption, using a regression model comprising a 12-month lag of billed
consumption, and billing-cycle-adjusted net evaporation and variables designed to
capture the impact of water restrictions. Second, it disaggregates this total forecast into
tier 1 and tier 2 consumption using a statistical consumption profile.
The Letcher-Breusch model:


includes a 12-month lag of billed consumption;



uses uniform weights of 1/6, 1/3, 1/3 and 1/6 to account for the billing cycle;6

4

The linear regression model is used to study the relationship between a dependent variable (such as water
demand) and one or more independent variables (such as rainfall or temperature). Ordinary least squares is
a statistical technique used to estimate the parameters of the regression model by fitting a straight line
through the set of data observations such that the sum of the squared residuals is minimised (Greene, 2012:
26).
5

The model developed by Cardno for the Industry Panel also makes some use of OLS. This model has a
very different character to the others considered here and is complex. The model only became available in
early December and the Commission has not yet completed its analysis of its properties.
6

This is an attempt to replicate the quarterly meter reading cycle in the ACT. For example, roughly onethird of customers have their meters read in January and at three-month intervals thereafter, one-third in
February, and the remaining third in March. Thus, billed consumption presents a rolling three-month
retrospective of water consumption.
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includes net evaporation rather than rainfall and evaporation as separate terms;



includes a set of simple dummy variables for water restrictions, with Stage 1
and Permanent Water Conservation Measures (PWCM) included as a single
variable (low level restrictions);



is based on total rather than per customer consumption;



is based on linear rather than a log-linear functional form;



does not allow for climate effects to vary by season; and



does not include price effects.

The total consumption regression parameters used in the Letcher-Breusch model and
presented by Icon Water in its submission to the mid-term review are shown in Table
2.1. The model estimation used data from December 1998 to February 2011.
Table 2.1

Letcher-Breusch model total consumption regression parameters
Coefficients

P-value

2,107.10

2.15E-20

Billed consumption 12-month lag

0.37

1.15E-11

Net evaporation

8.89

4.45E-19

-439.85

2.09E-04

Stage 2 restrictions

-1,335.05

9.73E-12

Stage restrictions

-1,103.04

9.19E-17

Intercept

Low level restrictions

Source:

ACTEW, 2011: 41.

2.3

ICRC mid-term model

The ICRC mid-term model, described in Appendix 4 of the Commission's 2013 final
report on regulated water and sewerage services, forecasts monthly water consumption
using a range of climate variables.7
The final set of explanatory variables the Commission used in its model were average
maximum monthly temperature (Temp), one month lag of monthly rainfall (Rain(-1)),
a dummy for Stage 3 water restrictions (S3), average maximum monthly temperature
interacted with Stage 3 water restrictions (Temp×S3), average maximum monthly
temperature interacted with Stage 2 water restrictions (Temp×S2), and a dummy for
the month of March (Dm3). A constant term was also included and the ordinary least
squares method was used. Uniform weights of 1/6, 1/3, 1/3 and 1/6 were applied to the
climate variables to account for the billing cycle.
The Commission did not use the full set of data used by Icon Water in applying the
Letcher-Breusch model. The Commission limited its sample to 98 months from
7

ICRC, 2013: 209.

4
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November 2002 through December 2010. November 2002 was chosen as the first
month because it was the month when water restrictions were first instituted. The
Commission also dropped the first three months of 2011 even though the data was
reported by Icon Water on the basis that there were meter reading discrepancies in the
early 2011 data which justified excluding those three months.
Table 2.2 shows the model applied by the Commission to forecast water demand for
the mid-term review. All of the explanatory variables were highly significant. The
adjusted R-squared for this regression was 0.881 and the Durbin-Watson statistic was
1.754.
Table 2.2

ICRC mid-term review water demand forecast model
Coefficient

Standard error

t-ratio

p-value

Constant

772.712

Temp

188.860

213.697

3.616

0.0005

9.939

19.000

0.0000

Rain(-1)

–14.253

1.911

–7.459

0.0000

Temp×S3

–91.853

13.561

–6.773

0.0000

Temp×S2

–39.122

5.924

–6.604

0.0000

S3

971.313

282.669

3.436

0.0009

Dm3

376.572

132.089

2.851

0.0054

Source:

ICRC, 2013: Appendix 4.

2.4

Breusch-Ward model

In its July 2012 main submission to the 2013 water and sewerage services
investigation, Icon Water presented the Breusch-Ward model and subsequently
provided a billed volume forecast for 201314 in April 2013.8
The model uses three sources of water data: aggregated billed water sales, daily dam
releases and a sample of individual customer water billing data. The output of the
model includes monthly forecasts of water sales and dam releases which can be
aggregated into quarterly forecasts or an annual forecast as well as a split between
tier 1 and tier 2 water consumption.9 The forecasting model incorporates an error
correction process that adjusts the forecasts based on the difference between the current
water sales or dam releases and the volume predicted in the model. Thus, if the model
over-predicts sales in one year then an adjustment to the subsequent forecast is applied.
Six predictors of water consumption are utilised in the Breusch-Ward model:
8

ACTEW's main submission is available on the Commission's website at:
http://www.icrc.act.gov.au/water-and-sewerage/inquiries-and-investigations/.
9

Icon Water applies two volumetric water prices; a tier 1 price from 1200 kL/year and a tier 2 price for
water sold in excess of 200 kL/year. Accordingly, for pricing and revenue purposes, demand forecasts
need to be split into tier 1 and tier 2 components.
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a cumulative evaporation index;



a cumulative rainfall index;



being under water restrictions of PWCM or greater;



being under water restrictions of Stage 2 or greater;



during water restrictions of PWCM or greater, a seasonal index ‘summer’
reflecting reduced seasonal water use under restrictions; and



during Stage 3 or greater restrictions, a multiplicative interaction between the
summer index and the cumulative rainfall index reflecting reduced sensitivity
of summer consumption to rainfall during severe restrictions.

The regression parameters from the Breusch-Ward model are shown in Table 2.3.
Table 2.3

Breusch-Ward model regression parameters
Coefficient

Standard error

t-ratio

p-value

2,322.1146

178.6521

13.00

***

stage0

-728.0715

110.6182

-6.58

***

stage2

-741.7328

110.7245

-6.70

***

stege0_s

-468.5778

127.7641

-3.67

***

cumevap

41.7017

2.0608

20.24

***

-156.8328

33.0259

-4.75

***

-80.4931

46.9582

-1.71

*

Constant

cumrain2_3_s
cumrain2
Source:

Breusch and Ward, 2012: 18.

2.5

Icon Water's biennial recalibration model

Icon Water provided an alternative to its preferred Breusch-Ward model in its 2015
biennial information return to the Commission in December 2014. The BR2015 model:

6



utilises daily releases and weather data, replacing Canberra Airport evaporation
data with Burrinjuck Dam evaporation, Canberra Airport maximum humidity
and Canberra Airport maximum temperature as the Canberra Airport
evaporation data is no longer collected;



is calibrated over the period following the end of temporary water restrictions
until August 2014 to reflect the Commission's 2013 concerns about a structural
break;



multiplies the forecast releases by 85 per cent, which is the observed ratio of
ACT billed to releases volumes in the calibration period, to give an annual sales
forecast;



uses the following formula to apportion total billed volumes into tier 1 and tier
2 sales:
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e

x total annual consumption M
number of annual supply charges

Six predictors of water consumption are utilised in the BR2015 model:


a seasonality index;



cumulative evaporation index for Burrinjuck Dam;



a cumulative rainfall index;



a cumulative humidity index;



a cumulative temperature index; and



a cumulative rainfall index.

As a consequence of the chosen calibration period, water restrictions variables are no
longer relevant. All variables are aggregated over the previous 91 days to reflect the
billing period. This model does not include an autoregressive error correction process.
Estimation results for the model are provided in Chapter 4.
Icon Water notes that while the model performs very well across the calibration period,
it is unlikely to perform as well outside this period.10 Icon Water also notes that the
BR2015 model, like the original Breusch-Ward model, contains no allowance for
population growth, implicitly assuming that population growth is offset by demand
reductions.
In their 2012 report for Icon Water, Breusch and Ward noted that including the ACT
population in the final model is not statistically significant and the coefficient is
negative, rather than positive as one would theoretically expect.11 Breusch and Ward
surmised that water-saving efficiencies may be increasing at a rate to roughly offset
population growth but did concede that population growth would likely be an
important factor for long-term forecasting and water-security planning.12

10

Icon Water, 2014: 9.

11

Breusch and Ward, 2012: 18.

12

Breusch and Ward, 2012: 5.
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3

Time series data analysis

3.1

Introduction

The primary time series data on daily dam release volumes, monthly billed water
volumes and daily climate data on which the various models rely has been updated
from the Commission's 201011 price reset exercise, with the most recent data entry
for billed water consumption being December 2014.
Dam release and billed consumption data is sourced from Icon Water. The daily
rainfall, temperature and other climate data are drawn from observations by the Bureau
of Meteorology (BOM) at Canberra Airport Comparison weather station (070014) and
Canberra Airport weather station (070351).
A notable recent development is that the BOM stopped reporting Canberra Airport
evaporation data from November 2013. This required Icon Water to separately model
this data for use in the Breusch-Ward model for the purposes of developing forecasts
for the Industry Panel. As discussed above in relation to the BR2015 model, Icon
Water has decided to replace the evaporation data with a range of alternative climate
data.

3.2

Annual comparison

Figure 3.1 shows ACT dam releases by financial year over the 15 years to 201314.
The dam release data is collected on a daily basis and includes water released for ACT
and Queanbeyan consumption.
Figure 3.1

Annual ACT dam releases
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Source:

Icon Water data.
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An average of about 85 per cent of the water released for consumption reaches the
meters of ACT customers, after accounting for Queanbeyan consumption and network
losses from leaking pipes and the like.13 Figure 3.2 shows the monthly ratio between
consumption and dam releases.
Ratio of ACT billed water consumption to dam releases
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Ratio of billed consumption to dam releases

Figure 3.2

Note:

Uniform weights of 1/6, 1/3, 1/3 and 1/6 have been applied to the dam release data to account for the billing cycle.

Source:

Commission calculations from Icon Water data.

Figure 3.3 shows ACT billed water consumption by financial year over the 15 years to
201314.
Figure 3.3

Annual ACT billed water consumption
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Source:

Icon Water data.

The key point to note is the higher water consumption in 201213 and 201314
following the low consumption figures in the previous two years. In its draft report for
13

Note that while the overall ratio between consumption and releases is relatively stable, the monthly ratio
varies considerably due to the nature of the billing cycle discussed earlier. Any delay in billing over a
particular period, for example, can result in an anomalous monthly ratio above 100 per cent.

10
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the 2013 investigation, the Commission noted that the relatively cool and wet summers
in 2010–11 and 2011– may have muted any ‘rebound’ effect following the removal
of water restrictions in late 2010.
Figure 3.4 and Figure 3.5 show the total annual rainfall and average maximum daily
temperatures since 2002.
Figure 3.4

Annual ACT (Canberra Airport) rainfall
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BOM data.

Figure 3.5

Annual ACT (Canberra Airport) maximum temperature
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What is clear from the two charts above is that, compared to 2010–11 and 2011–12,
total rainfall has fallen significantly and average maximum temperatures in 201213
and 201314 have increased significantly. One would expect the relatively hotter and
drier conditions to result in higher water consumption, all other things remaining equal.
Figure 3.6 shows estimated ACT billed water consumption per capita from 200203 to
201314. As in the case of total consumption, per capita consumption has risen over
the last two years from 201011 and 201112 levels, but is still well short of that seen
in the early to mid-2000s.
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Figure 3.6

Annual ACT billed water consumption per capita
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ABS, ACT Treasury and Icon Water data.

Table 3.1 shows the difference between the Commission's billed volumes forecast for
201314 in its 2013 determination and the actual volume Icon Water sold. Icon Water
sold about 4 gigalitres (GL) or about 10 per cent more in 201314 than the
Commission's conservative 38 GL forecast. More recent work by the Commission,
reported below, suggests that about 2 of the 4 GL of extra sales can be attributed to the
climate being warmer and dryer than average. The tier 1 to tier 2 forecast split of 56:44
per cent was close to the actual split of 57:43 reported by Icon Water.
Table 3.1

Icon Water billed sales 201314 compared to ICRC forecast
201314 forecast

201314 actual

Difference

ML

%

ML

%

ML

Tier 1

21,198,812

55.8

23,758,826

56.7

2,560,014

Tier 2

16,801,188

44.2

18,169,030

43.3

1,367,842

Total

38,000,000

100

41,927,856

100

3,927,856

Source:

Icon Water information return to Industry Panel.

3.3

Summer comparison

The highly seasonal nature of ACT water use is shown in Figure 3.7 and Figure 3.8.

12
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Figure 3.7

ACT daily dam releases

450
400
350

ML

300
250
200
150
100
50
Apr-2014

Oct-2014

Oct-2013

Apr-2013

Apr-2012

Oct-2012

Apr-2011

Oct-2010

Oct-2011

Apr-2010

Apr-2010

Oct-2010

Apr-2009

Oct-2009

Apr-2009

Apr-2008

Oct-2008

Oct-2007

Apr-2007

Apr-2006

Oct-2006

Apr-2005

Oct-2005

Oct-2004

Apr-2004

Apr-2003

Oct-2003

Apr-2002

Oct-2002

Oct-2009

Source:

Oct-2001

Apr-2001

0

Icon Water data.

Figure 3.8

ACT billed water consumption by month
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Given the pronounced peakiness of water demand in the summer months from
December through February, a closer examination of Canberra’s summer climate
conditions is warranted.
Figure 3.9 shows Canberra summer rainfall from 1940 to 2014, while Figure 3.10
shows Canberra average maximum summer daily temperature over the same period.
These graphs clearly show the variation in both rainfall and maximum temperature
from summer to summer. They also show the difference in the weather patterns for the
relatively cold and wet 2011 and 2012 summers compared to relatively hot and dry
2013 and 2014 summers. Another notable feature is the suggestion of a positive trend
in summer temperatures.
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Figure 3.9

ACT summer rainfall
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Figure 3.10

ACT average summer maximum temperature
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Figure 3.11 shows the relationship between average summer maximum temperature
and billed consumption in the ACT.
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Figure 3.11

Summer ACT average maximum temperature and water consumption
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3.4

Structural uncertainty

In its final report for the 2013 water and sewerage services investigation, the
Commission commented on the likelihood of a structural break in the water demand
and climate time series data. In particular, the Commission noted the potential
inappropriateness of using data from before November 2010 (temporary water
restrictions were lifted in October 2010) for forecasting future demand.
In statistical modelling, a structural break occurs when there is change over time in the
relationship between the variable that is being explained (water sales in this instance)
and the explanatory variables. The Commission noted in its final report that, not only
were water sales generally higher in the period before restrictions, the response of
water sales to a one unit change in rainfall or temperature was different between the
two periods.
Evidence of a structural break can be assessed visually and statistical tests can be
applied.
3.4.1

Visual inspection

As demonstrated in the Commission’s final report, inspection of the data suggests there
is a structural break in that responses to the drivers of water consumption have changed
pre and post the long period of temporary water restrictions. This can be demonstrated
by comparing the per capita water consumption of 144 kilolitres (kL) in 200506 and
106 kL in 201213. Despite being under a similar level of water restrictions, and
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experiencing similar summer weather conditions, per capita consumption in 201213
was 35 per cent lower than in 200506.14
The next step is to see if the location of the break point can be determined visually.
Figure 3.12 and Figure 3.13 show the results of running and then graphing the fitted
values for the separate regressions using the ICRC mid-term model before and after a
chosen break point. For the purposes of this paper, November 2010 and July 2006 are
selected for comparison. An inspection of the both figures suggests a structural break
from July 2006 onwards.
Figure 3.12

ICRC mid-term model fitted data with November 2010 breakpoint
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Figure 3.13

ICRC mid-term model fitted data with July 2006 breakpoint
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3.4.2

Statistical tests
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A common method of testing for a structural break, in circumstances where the break
point can be identified, is to perform a statistical test, such as the Chow test. This test
14

In 200506 the summer (December through February) rainfall was 122.6 mm and the average maximum
temperature was 29.9 degrees Celsius. The 201213 summer recorded slightly higher rainfall of 136.0
mm and slightly lower average maximum temperature of 29.0 degrees Celsius.
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follows an ordinary least squares regression and tests for the null hypothesis of no
structural break at a given break point. The procedure requires creating a dummy
variable which equals 1 from the break point to the end of the sample and 0 otherwise.
Alternatively, where the break point is unknown, the CUSUM test, which tests for the
null hypothesis of parameter stability over the entire data set, can be applied.15
A Chow test was run on the ICRC mid-term model over the period December 1999 to
October 2014 with the break point placed at July 2006 using a dummy variable. The
Chow test for structural difference with respect to this dummy returned an F-value of
40.45 with a p-value of <0.00001. As such, the null hypothesis of homogeneity of the
two periods can be rejected. That is, there is evidence of a structural break at the break
point. This result is supported by the CUSUM test statistic of minus 6.12 with a pvalue of <0.00001 suggesting that the parameters are not stable over this data period.
This is illustrated in the upper chart in Figure 3.14.
In comparison, running the CUSUM test on the ICRC mid-term model with a shorter
data series from July 2006 to October 2014 results in a test statistic of minus 1.11 with
a p-value of 0.269 suggesting that the null hypothesis that the parameters are stable
cannot be rejected at any of the generally accepted confidence levels. This is shown in
the lower chart in Figure 3.14.

15

A series of one-step ahead forecast errors is obtained by running a series of regressions: the first
regression uses the first k observations and is used to generate a prediction of the dependent variable at
observation k + 1; the second uses the first k + 1 observations and generates a prediction for observation k
+ 2, and so on (where k is the number of parameters in the original model). The cumulated sum of the
scaled forecast errors, or the squares of these errors, is calculated and graphed. The null hypothesis of
parameter stability is rejected at the 5 percent significance level if the cumulated sum strays outside of the
95 percent confidence band.
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Figure 3.14

ICRC mid-term model CUSUM plot  long and short data series
CUSUM plot with 95% confidence band

40

20

0

-20

-40

-60

-80

-100
2000

2002

2004

2006

2008

2010

2012

2014

2016

Observation

CUSUM plot with 95% confidence band
30

20

10

0

-10

-20

-30
2007

2008

2009

2010

2011

2012

2013

2014

2015

Observation

Source:

Commission analysis gretl output.

The Chow test results for the Letcher-Breusch model, run over the period
December 1999 to June 2014 with a July 2006 break point, also shows evidence of a
structural break with a test statistic of 10.76 and a p-value of <0.00001. Moreover, the
CUSUM test returns a test statistic of 3.16 and a p-value of 0.0012, suggesting that the
parameters are not stable over this data period, as shown in Figure 3.15.
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Figure 3.15

Letcher-Breusch model CUSUM plot
CUSUM plot with 95% confidence band
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In short, the visual inspection and statistical tests suggest that there is a structural break
in the water demand and climate time series data in about July 2006. Since then, it
appears that there may be a new and stable relationship between water sales and
climate variables.
3.4.3

Autocorrelation and the Breusch-Ward model

Icon Water’s Breusch-Ward forecasting model includes a forecast adjustment based on
serially correlated error terms. In its 2013 final report, the Commission took the view
that that the observed autocorrelation found in 2008, 2011 and 2013 by Icon Water
may be an artefact of the modelling and not an underlying statistical process generating
the data.
The Commission cited recent econometrics literature in support for this conclusion. For
example, Diebold and Inoue (2001) demonstrate that failure to identify structural
breaks can lead to the appearance of autocorrelation and Granger and Hyung (2004)
show that when structural breaks are not accounted for in the forecasting process then
statistical tests will detect autocorrelation. The Commission concluded that these
results suggest that the appropriate response to the autocorrelation evident in the errors
in the Breusch-Ward model is not to model that autocorrelation statistically, but to
investigate the causes of the underlying structural break.
Using daily data up to 31 June 2014 provided by Icon Water, the Breusch-Ward
releases model has been run using data from 1 January 2001, the period used by Icon
Water in providing volume forecasts to the Industry Panel. The resulting regression
equation has a Durbin-Watson statistic of 0.528, well below the lower bound 5 per cent
critical value of 1.921, suggesting the presence of autocorrelation of the residuals.
Further tests, with an assumed break point at 1 July 2006, show a Chow statistic of
331.377 with a p-value of <0.0001, providing evidence of a structural break. The
CUSUM test statistic of minus 13.694 with a p-value of <0.0001 suggests the null
hypothesis of parameter stability over the 2001 to 2014 period should be rejected.
Technical paper: Water demand forecasting
Water and sewerage services: Biennial recalibration 2015

19

3 – Time series data analysis

Once again, as with the data set applied to the Breusch-Ward model in 2013, it may be
that the observed autocorrelation of the residuals is an artefact of the modelling due to
the presence of a structural break.

20
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Updated OLS regression results

4.1

Introduction

This section re-estimates the Letcher-Breusch and ICRC mid-term models using the
updated water volumes and climate data set. The regression results, along with those
for the BR2015 model, are then assessed for goodness of fit (R-squared) and tested for
the key ordinary least squares (OLS) assumptions about the distribution of the error
term: autocorrelation (also known as serial correlation), normality and
heteroscedasticity. The explanatory variables are also tested for multicollinearity.
The Gnu Regression, Econometrics and Time-series Library (gretl) open-source
package has been used for the econometric analysis in this chapter.16 Detailed gretl
results are provided in appendices to this paper.
Autocorrelation is a violation of the OLS assumption which states that the 'random
terms of different observations ... are independent'.17 Whilst serial correlation does not
affect the unbiasedness of the statistical coefficients, it does result in downwardly
biased estimates of the standard errors of the coefficient estimates resulting in the null
hypothesis, for example that the coefficient is zero, being rejected when it should not
be. It also reduces the efficiency of predictions based on such coefficient estimates.
Evidence of autocorrelation can be tested for by running a range of statistical tests
including the Durbin-Watson and the Lagrange multiplier (LM) tests.18
The normality assumption is that the error term is normally distributed (Koutsoyiannis,
1977; Hair et al., 1984). Koutsoyiannis argues that violation of this assumption, whilst
not affecting the unbiasedness and efficiency of the estimators, renders classical
methods of significance testing unreliable as these are based on normal distributions.
The skewness and kurtosis of the OLS residuals can be examined, using the JarqueBera test for example, to test for a violation of this assumption (Pesaran and Peseran,
1997). Alternatively, the Shapiro-Wilks test can be applied. Both tests are available in
gretl.
Heteroscedasticity is a violation of the OLS assumption of homoscedasticity which
states that the variance of the error term is constant over the sample (Hair et al., 1984).
As for serial correlation, heteroscedasticity does not affect the unbiasedness of the
statistical coefficients, but the estimators are no longer efficient and classical
significance tests are not applicable (Koutsoyiannis, 1977). Evidence of

16

See http://gretl.sourceforge.net/. The Commission used version 1.9.92 released on 20 September 2014.

17

Koutsoyiannis, 1977: 56.

18

The Breusch-Godfrey test for first-order autocorrelations is used in gretl.
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heteroscedasticity can be tested for by running a range of statistical tests including
White’s test and the Breusch-Pagan test.
Collinearity, or multicollinearity, is defined as the:
presence of linear relationships (or near linear relationships) among explanatory
variables.19

If collinearity is present in a particular equation, it can make it difficult or, in extreme
cases, impossible to identify separately the influence of the affected variables on the
dependent variable. Perfect collinearity makes it impossible to calculate least squares
estimates because the matrix that must be inverted during the calculation is singular,
that is, does not possess an inverse. Serious, but not perfect collinearity can make the
coefficient estimates dependent on the precise properties of the numerical methods
used to calculate the estimates. Evidence of collinearity can be tested for by examining
the correlation coefficient matrix and by running a variance inflation (VIF) test.20

4.2

Letcher-Breusch model

The Letcher-Breusch model was run using 175 months of data from December 1999 to
June 2014. The most recent evaporation data relied on Icon Water's econometric
estimates post-November 2013. The updated total consumption regression parameters
in the Letcher-Breusch model are shown in Table 4.1.
Table 4.1

Updated Letcher-Breusch model regression results

Constant

Coefficient

Standard error

t-ratio

p-value

2,066.38

168.27

12.28

<0.00001

Billed consumption 12-month lag

0.39

0.04

9.22

<0.00001

Net evaporation

8.53

0.67

12.67

<0.00001

-542.96

95.75

-5.67

<0.00001

Stage 2 restrictions

-1,303.98

167.56

-7.78

<0.00001

Stage 3 restrictions

-1,084.11

107.50

-10.08

<0.00001

Low level restrictions

Source:

ICRC analysis.

The adjusted R-squared for this updated regression is 0.813 and the F-statistic for the
hypothesis that all the coefficients of the variables are simultaneously zero can be
rejected at the 99 per cent level. All of the explanatory variables are highly significant.

19

Koutsoyiannis, 1977: 233.

20

The VIF uses the R-squared from auxiliary regressions to determine the extent to which each
explanatory variable can be explained as linear functions of the others. If the VIF exceeds 10, then there is
evidence of a collinearity problem.
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4.2.1

OLS assumptions

Autocorrelation
The Durbin-Watson statistic for this regression is 1.159. The 5 per cent lower and
upper critical values for the Durbin-Watson statistic with a sample size of 175 and
5 regressors are 1.694 and 1.812, respectively. This means that the null hypothesis of
no autocorrelation of the residuals can be rejected.21,22 This result is corroborated by
running the LM test for autocorrelation with a lag of one period. This test returned a
statistic of 35.806 with a p-value of <0.00001 suggesting that the null hypothesis of no
autocorrelation can also be rejected. As noted in the Commission’s
3 final report,
failure to account for structural breaks may lead to the appearance of autocorrelation.

Normality
The residuals from the regression equation were tested for normality using the JarqueBera and ShapiroWilks tests. In both cases the null hypothesis of normality can be
accepted at the 95 per cent level with the former returning a p-value of 0.2653 and the
latter a p-value of 0.0559.
Figure 4.1

Updated Letcher-Breusch model residual graph
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The Durbin-Watson test is a one-sided test for the null hypothesis of no autocorrelation and is carried
out by comparing the computed Durbin-Watson statistic (d) to the lower (d ) and upper ( ) 5 per cent
critical values. If d
, the null hypothesis is rejected; if
the hypothesis is not rejected. If d lies
between
and
no conclusion is drawn (Greene, 2012: 923).
22

Greene notes that the Durbin-Watson test is not likely to be valid when there is a lagged dependent
variable in the equation, as in this case (Greene, 2012: 923). Greene states that the in such a case the
statistic will usually be biased towards a finding of no autocorrelation, unlike the result for this particular
equation.
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Heteroscedasticity
White's test for heteroscedasticity returned a test statistic of 28.601 with a p-value of
0.053 suggesting the null hypothesis of homoscedasticity can be accepted (just) at the
95 per cent level.
4.2.2

Multicollinearity

The VIF test showed no evidence of collinearity between the independent variables
with all values less than two. The correlation coefficient matrix also provided no
evidence of any large correlations.

4.3

ICRC mid-term model

The ICRC mid-term model was run using 100 months of data from July 2006 to
October 2014. The updated total consumption regression parameters are shown in
Table 4.2.
Table 4.2

Updated ICRC mid-term review model regression results

Constant
Temp
Rain(-1)
Temp×S3
Temp×S2

Coefficient

Standard error

t-ratio

p-value

1,540.49

218.35

7.06

0.0000

104.62

11.05

9.47

0.0000

-9.67

1.61

-6.02

0.0000

-20.58

14.64

-1.41

0.1632

23.91

14.26

1.68

0.0970

S3

239.23

310.46

0.77

0.4429

Dm3

597.18

147.38

4.05

0.0001

Source:

ICRC analysis.

In contrast to the 201112 data set, not all of the explanatory variables in the ICRC
mid-term model remain highly significant. In particular, TempxS3, TempxS2 and S3
are not significant at the 95 per cent level. The adjusted R-squared for this regression is
0.695 which compares to 0.881for the 200112 data set. The F-statistic for the
hypothesis that all the coefficients of the variables are simultaneously zero can be
rejected at the 99 per cent level.
The insignificance of the dummy water restrictions variables in the updated mid-term
equation, estimated over the period from July 2006, supports the view in the previous
chapter that there appears to be a new relationship between water sales and climate
variables which commenced in about July 2006 and has remained stable since.
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4.3.1

OLS assumptions

Autocorrelation
The Durbin-Watson statistic is 1.723 which compares to 1.754 for the 200112 data
set. The 5 per cent lower and upper bound critical values for the Durbin-Watson
statistic with a sample size of 100 and 6 regressors are 1.550 and 1.803, respectively.
The statistic for the updated ICRC equation falls into the inconclusive region between
the lower and upper bounds.23 The alternative LM test returns a test statistic of 1.535
with a p-value of 0.219 which suggests that the null hypothesis of no autocorrelation
can be accepted at any reasonable significance level.

Normality
The residuals from the regression equation were tested for normality using the JarqueBera and ShapiroWilks tests. In both cases the null hypothesis of normality can be
rejected at the 95 per cent level with the former returning a p-value of 0.0066 and the
latter a p-value of 0.0302. The graph of the residuals is shown in Figure 4.2. This
violation of the OLS normality assumption has implications for the reliability of any
statistical significance testing.
Figure 4.2

Updated ICRC mid-term model residual graph
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Heteroscedasticity
White's test for heteroscedasticity returned a test statistic of 68.358 with a p-value of
<0.00001 suggesting the null hypothesis of homoscedasticity should be rejected at the

23

Greene lists the large inconclusive region if the sample size is small or moderate as a major shortcoming
of the Durbin-Watson test (Greene, 2012: 924). Greene states that the LM test does not suffer from this
(and other) shortcoming(s) and has become the standard method in applied research.
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95 per cent level.24 Greene notes that heteroscedasticity arises in volatile high
frequency time-series data such as daily observations in financial markets.25 The
consequence of heteroscedasticity is that the ordinary least squares regression does not
provide the estimate with the smallest variance. This inefficiency can result in
significance tests being too high or too low with potentially severe problems for
inferences based on least squares. Greene's view is that:
If the type of heteroscedasticity is known with certainty, then the ordinary least squares
estimator is undesirable; we should use generalized least squares instead. The precise
form of the heteroscedasticity is usually unknown, however. In that case, generalized
least squares is not usable, and we may need to salvage what we can from the results of
ordinary least squares.26

An alternative test for heteroscedasticity, the Breusch-Pagan test, returns a test statistic
of 32.891 with a p-value of <0.00001. Once again, the null hypothesis of
homoscedasticity can be rejected at the 95 per cent level.
4.3.2

Multicollinearity

The VIF test suggests there may be evidence of collinearity with several values well
above 10. An examination of the correlation coefficient matrix confirmed this result
with a large coefficient of 0.9437 between TempxS3 and the S3 variables.

4.4

BR2015 model

Table 4.3 shows the BR2015 model regression results. All of the explanatory variables
are highly significant. The adjusted R-squared value for this regression is 0.9749. The
F-statistic for the hypothesis that all the coefficients of the variables are simultaneously
zero can be rejected at the 99 per cent level.
Table 4.3

BR2015 water demand forecast model
Coefficient

Standard error

t-value

p-value

Intercept

590.8752

20.21064

29.236

< 2e-16

cumhumidity2

-11.2498

0.44431

-25.32

< 2e-16

cumBurrinjuckevap

0.158461

0.022126

7.162

1.33E-12

cumtemp

0.10831

0.004842

22.371

< 2e-16

cumrain2

-3.70612

0.134132

-27.63

< 2e-16

season

-29.4901

2.147854

-13.73

< 2e-16

Source:

Icon Water, 2014: 8.
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Greene notes that the White test is extremely general and requires no assumptions about the nature of
the heteroscedasticity. Greene states that a serious shortcoming of the test is that if we reject the null
hypothesis, then the result of the test gives no indication of what to do next (Greene, 2012: 276).
25

Greene, 2012: 257.

26

Greene, 2012: 270.
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4.4.1

OLS assumptions

Autocorrelation
The Durbin-Watson statistic for this regression equation is 0.00671. This is well below
the 5 per cent lower bound critical value of 1.901for a sample size of 1,298 and
5 regressors. This suggests that the errors are serially dependent which implies that the
estimates may be inefficient.

Normality
The residuals from the regression equation were tested for normality using the JarqueBera test. The null hypothesis of normality can be accepted at the 95 per cent level
with the test returning a p-value of 0.245.
Figure 4.3

BR2015 model residual graph

0.18

uhat1
N(4.2151e-014,3.4937)
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Source:

ICRC analysis gretl output.

Heteroscedasticity
White's test for heteroscedasticity returned a test statistic of 725.999 with a p-value of
<0.00001 suggesting the null hypothesis of homoscedasticity can be rejected at the 95
per cent level. This result was supported by the Breusch-Pagan statistic of 126.867
with a p-value of <0.00001.
4.4.2

Multicollinearity

The VIF test suggests there may be evidence of collinearity with several values well
above 10. An examination of the correlation coefficient matrix confirmed this result
with a large coefficient of 0.9768 between the cumtemp and season variables and 0.659
between the cumtemp and cumevap variables.
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4.5

Observed consumption versus fitted values

Having estimated the updated regression parameters, the fitted consumption results
from the Letcher-Breusch and ICRC mid-term models can be compared to the
observed consumption figures provided by Icon Water up to the 201314 financial
year. Table 4.4 and Figure 4.4 show this comparison.
Table 4.4

Annual observed ACT billed consumption versus fitted results

Financial year

Source:

ACT billed

Letcher-Breusch
model

ML

ML

% diff

2001

51,451

51,395

-0.1

2002

55,869

54,044

-3.3

2003

55,902

56,252

0.6

2004

44,236

47,426

7.2

2005

43,511

41,269

-5.2

2006

48,169

45,302

-6.0

2007

45,589

46,446

2008

36,734

2009

ICRC mid-term
model
ML

% diff

1.9

42,422

-6.9

39,258

6.9

37,263

1.4

38,616

37,543

-2.8

38,523

-0.2

2010

37,796

36,802

-2.6

38,020

0.6

2011

33,845

32,849

-2.9

35,294

4.3

2012

35,429

36,498

3.0

37,493

5.8

2013

40,474

42,365

4.7

41,028

1.4

2014

41,966

41,202

-1.8

40,391

-3.8

ICRC analysis.

Figure 4.4

Annual ACT actual consumption versus fitted results
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ICRC analysis.
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Both the Letcher-Breusch and ICRC mid-term models show a reasonably close fit to
actual annual water consumption with most years being within ± 5 per cent. In the most
recent year, 201314, actual consumption was reported by Icon Water as 41,966 ML.
The Letcher-Breusch and ICRC mid-term models back cast a figure of 41,202 ML and
40,391 ML for this year, respectively.
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5

OLS model demand forecasts

5.1

Introduction

Having estimated the updated regression parameters, the Letcher-Breusch and ICRC
mid-term models can be used to forecast consumption volumes for 201415, 201516
and 201617, noting the caveats associated with the structural break issue and
violations of various OLS assumptions discussed earlier.
For forecasting purposes, the base case scenario suggested by Letcher and Breusch in
their 2010 paper explaining the Letcher-Breusch model has been applied to both the
updated Letcher-Breusch and ICRC mid-term models. The base case involves
assuming for each independent variable an average value for each month for the last
three years of data i.e. 201112 to 201314. Water restrictions are assumed to be no
stricter than PWCM over the forecast period.
These forecasts can be compared to Breusch-Ward model forecasts provided by Icon
Water to the Industry Panel in August 2014 and the forecast provided to the
Commission using the BR2015 model.27
Icon Water noted that, in contrast to their 2013 submission to the Commission, the ex
post autoregressive error adjustment for the Breusch-Ward model was very small in the
forecasts provided to the Panel since the in-sample predictions over the past 12 months
were very close to actual consumption. As an example, Icon Water cites an adjustment
of 0.03 per cent in 201516. Icon Water further states that the absence of significant
residuals over the past months indicates that some transition or ‘bounce back’ in
consumption following restrictions has now taken place.

5.2

Forecasts

The forecasts from the four OLS models are shown in Table 5.1, Figure 5.1 and Error!
Reference source not found..
Table 5.1

Annual ACT consumption forecasts

Financial year

Letcher-Breusch

ICRC mid-term

Breusch-Ward

BR2015

2015

40,290

39,582

42,558

40,302

2016

41,286

40,334

42,552

40,302

2017

40,926

40,102

42,542

40,302

Source:

ICRC analysis; Icon Water information paper to Industry Panel; Icon Water (2014).

27

Icon Water noted in its statement of claim to the Industry Panel that Breusch-Ward forecasts are not an
Icon Water proposal as their preference is to adjust forecasts on an annual basis.
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The Breusch-Ward model returns the highest set of forecasts for the biennial years in
question, 201516 and 201617, averaging 42.5 GL. Next is the Letcher-Breusch
model which averages 41.1 GL. The BR2015 and ICRC mid-term models return very
similar results at lower end of the forecast range, with the former averaging 40.3 GL
and the latter 40.2 GL.
Figure 5.1

Annual ACT consumption forecasts for all models 201415 to 201617

44,000

42,000
ML

ICRC mid-term
BR2015
40,000

Letcher-Breusch
Breusch-Ward

38,000
2015F

Source:

2016F
2017F
Year ending 30 June

ICRC analysis.

If the independent variables are averaged over the last two rather than three years, the
Letcher-Breusch and ICRC mid-term models return an average forecast of 41.7 GL and
40.5 GL over 201516 and 201617, respectively. The forecasts are higher as the
relatively cool wet summer in 201112 is excluded from the averaging period.
Alternatively, if the averaging period is four years, which captures two relatively cool
and wet years, the Letcher-Breusch and ICRC mid-term models return an average
forecast of 40.3 GL and 39.7 GL over 201516 and 201617, respectively.
While our primary interest is in the forecasts for the upcoming biennial period, it is
also instructive to examine the forecasts for 201415, the second year of the current
biennial period, particularly as the first 6 months of actual water sales and dam releases
data is available. Table 5.2 shows ACT billed consumption and dam releases for this
period compared to the first 6 months of the previous financial year.
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Table 5.2

ACT billed consumption and dam releases  6 month comparison
Billed consumption (ML)

Month

Dam releases (ML)

201314

201415

201314

201415

Jul

3,084

2,713

3,113

3,169

Aug

2,514

2,157

3,174

3,327

Sep

2,704

3,254

3,397

3,366

Oct

3,179

2,846

4,167

3,972

Nov

2,961

2,969

4,228

5,081

Dec

3,217

3,674

5,270

4,231

Total

17,659

17,613

23,349

23,146

Source:

ICRC analysis from Icon Water data.

The model forecasts for 201415 range from a low of 39.6 GL for the ICRC model to a
high of 42.5 GL for the Breusch-Ward model. Total annual consumption in 201314
was 42.0 GL. It is clear from Table 5.2 that Icon Water has sold slightly less water in
the first 6 months of 201415 than in the previous year, with dam releases showing a
similar story. This would tend to suggest, other things being equal, that the lower range
of the model forecasts for 201415 are more likely to eventuate than the higher.

Technical paper: Water demand forecasting
Water and sewerage services: Biennial recalibration 2015

33

6

ARIMA model

6.1

Introduction

The Commission considers that the results of the analysis in the previous chapters, the
availability of somewhat longer data series post the ending of water restrictions and the
promising early results obtained in BR2015 present an opportunity to develop a
substantially more satisfactory model of water sales than any presented thus far.
The Commission considers that the analysis in the previous chapters provides strong
support for the thesis that a new relationship between water sales and climate variables
established itself in about July 2006 and has remained stable ever since. Starting from
that point, we now have data series spanning some eight and a half years. Importantly,
these now include years presenting a variety of climate experience.
The Commission has long believed that the relationship between water consumption
and climate variables is direct and immediate. A hot day or wet day increases or
decreases, respectively, water consumption within days, not a month or a quarter later.
The prior approach used by the Commission was based on creating weighted averages
of monthly climate data to accord approximately to the pattern of data contained in
billed consumption, which itself reflected the quarterly meter reading and billing cycle.
It is clearly unlikely responses operating within a time frame of a few days can be
captured reliable from data of this kind.
The daily dam releases data, while not a perfect reflection of daily water sales, provide
a measure that is close in timing and frequency. Daily climate data is readily available.
The Commission has, therefore, developed its preferred forecasting model for the 2015
biennial utilising the daily dam releases data. This approach requires the dam release
forecasts to be translated into ACT billed consumption forecasts. This is facilitated by
employing the relatively stable relationship between dam releases and billed
consumption.28
There are, however, challenges in analysing high frequency time series data such as the
daily releases data. The data tend to contain a lot of noise, that is the variance of the
random component in the data tends to be large. Moreover the noise components tend
to be correlated across time, that is the noise component in a particular observation
may reflect random factors also affecting other adjacent observations. In dealing with
such data, it is important, therefore, to select modelling techniques that are capable of
properly dealing with data possessing these characteristics.

28

Although, as noted above, the billed consumption to dam releases ration can show considerable short
term volatility, the annual relationship is sufficiently stable to be used in the forecasting model, as the
analysis below demonstrates.
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6.2

ARIMA modelling: Dealing with serial correlation

Serial correlation of the residuals of the kind we are likely to encounter in the releases
data introduces nonlinearities into the estimation problem which cannot be dealt with
using OLS. There are a range of different approaches to modelling time series data that
is characterised by serial correlation of the residuals. Perhaps the most commonly
applied is the approach known as autoregressive integrated moving average (ARIMA)
modelling.29 The simplest form of this modelling procedure is the AR(1) model, which
is a first-order autoregressive model.
The correlation of a data series with its own lagged values can be characterised by its
order. According to Greene (2012), the most frequently analysed process is the AR(1)
or ARIMA(1,0,0) process as shown in the equation below, where is a stationary,
nonautocorrelated (white noise) process and is a parameter.

Higher-order autoregressive processes, such as the equation shown below, are also
stationary but involve more complicated patterns that are more difficult to identify
reliably.

Greene advocates using the AR(1) process as a first pass before considering higherorder models as a refinement on the basis that:
It is very optimistic to expect to know precisely the correct form of the appropriate
model for the disturbance in any given situation. The first-order autoregression has
withstood the test of time and experimentation as a reasonable model for underlying
processes that probably, in truth, are impenetrably complex. 30

The daily dam releases and climate data demand a more sophisticated approach. Box
and Jenkins (1970) presented the three step Box-Jenkins methodology that can be
applied when developing ARIMA models. The three steps are:31


Identification  identify the potential model structure by comparing the
empirical autocorrelation patterns with theoretical ones using the
autocorrelation function (ACF) and partial autocorrelation function (PACF).

29

This technique is well suited to situations, like the present one, where the underlying relationship is
believed to be between stationary series. Where this is not the case, as in some financial models, other
techniques based on the model of cointegration developed by Clive Granger may be more appropriate.
30

Greene, 2012: 910.

31

Following Zhang, 2003: 162.
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Transformation of the data set, such as by differencing, may be required to
ensure stationarity.32


Parameter estimation  estimate parameters such that an overall measure of
errors is minimised.



Diagnostic checking  check the model adequacy by examining whether model
assumptions about the error terms are satisfied and the goodness of fit for
forecasting.

In order to provide a time series forecasting model to compare to the OLS models
already presented in this paper, the Commission has applied the Box-Jenkins approach
to estimate a seasonal climate-based ARIMA model to forecast dam releases over the
biennial period. The Commission used the open-source R statistical computing
software for this exercise.33
In estimating the model, the Commission elected to use the dam release, water
restrictions and climate data series from 1 July 2006 onwards, in line with the
hypothesis presented at the beginning of this chapter.

6.3

Estimating the model

6.3.1

Identification

The model identification stage involved first running the unadjusted data set through
the auto.arima function in R. This function uses a variation of the Hyndman and
Khandakar algorithm.34 This algorithm uses unit root tests, minimisation of the Akaike
Information Criterion (AIC) and maximum likelihood estimation (MLE) to estimate
the best fit ARIMA model.35,36
ARIMA models can model both non-seasonal and seasonal data. Following Hyndman
and Athanasopoulos (2012), a seasonal ARIMA model can be written as:

32

A necessary condition for an ARIMA model that is useful for forecasting, a stationary time series has
the property that its statistical characteristics such as the mean and the autocorrelation structure are
constant over time. Unit root tests such as the Dickey-Fuller and KPSS tests can be applied to test for
stationarity.
33

See http://www.r-project.org/. The Commission used R version 3.1.2 (Pumpkin Helmet) released on
31 October 2014 and the open source R Studio user interface (see http://www.rstudio.com/).
34

See Hyndman and Khandakar (2008) for more detail.

35

The AIC is a statistical measure for model selection. All else being equal, the model with the lower AIC
value is to be preferred as the better model. This statistic rewards goodness of fit and also includes a
penalty for increasing parameter numbers.
36

MLE is technique that finds the values of the model parameters which maximise the probability of
obtaining the observed data. It is the preferred estimation method when, as in the present case, linear
estimators like OLS cannot be applied
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A IMA

pd
on seasonal

P

m
easonal

where


p and P is the autoregressive order in the non-seasonal and seasonal model
components;



d and D is the number of differences needed for stationarity in the non-seasonal
and seasonal model components;



q and Q is the number of non-seasonal and seasonal lagged forecast errors in
the equation  the moving average order; and



m is the number of periods per season.

As a working hypothesis, the Commission presumed that the annual seasonality
obviously present in the daily releases data would be accounted for by climate
variables. Subsequent tests on the final model showed this to be the case. The releases
data also exhibited a strong recurring weekly pattern so the seasonality cycle was set to
seven days.
The auto.arima function generated an ARIMA (2,1,2)(2,0,2)[7] model with an AIC of
24,086. An examination of the data and model results revealed the following:


the water restrictions dummy variables were not significant; and



an examination of the ACF of the residuals against temperature and rain
suggested that lags of both climate variables should be considered as potential
predictors in the model.

The next step involved creating a set of lagged climate variables and re-running the
auto.arima function and examining the parameters, ACF results and AIC values. This
was done multiple times resulting in the identification of the preferred ARIMA model
with the following characteristics:


seasonal ARIMA (1,0,2)(1,1,1)[7] specification;



maximum temperature entered at lags of 0, 1, 5 and 7 days and rainfall entered
at lags of 0 through 6 days; and



no water restrictions dummy variables as they were not significant, either in
combination or separately.37

6.3.2

Parameter estimation

The estimated model parameters are shown Figure 6.1. All parameters in the model are
significant and the model returns an AIC of 22,753.
37

This further supports the hypothesis that there has been a stable relationship between water use and
weather variables since July 2006.
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Figure 6.1

Preferred ARIMA equation results

Source:

ICRC analysis R Studio output.

6.3.3

Diagnostic checking

Having identified and estimated the preferred model, the next step involved examining
the residuals of the model to see if they appear to be white noise  that is, they have no
remaining autocorrelations. This can be done visually using ACF and spectrum charts
or statistically using methods such as portmanteau and KPSS tests.

Visual inspection
Figure 6.2 shows the ACF of the residuals against temperature and rain. Then vast
majority of the spikes in the top right chart in each of the two blue sections are within
the significance limits, suggesting that the residuals are white noise.
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Figure 6.2

Source:

ACF temperature and rain

ICRC analysis R Studio output.

Figure 6.3 shows the raw periodogram which represents an estimate of the spectral
density of the residuals. The figure is reflective of a Gaussian white noise signal, which
is characterised by a normal distribution and zero mean, once again suggesting that
there is no remaining residual autocorrelation.

40
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Figure 6.3

Source:

Raw periodogram

ICRC analysis R Studio output.

Statistical tests
The methods used to estimate ARIMA models rely on the error term being serially
uncorrelated or white noise. The Box-Ljung test, a portmanteau test for serially
correlated errors, returned a test statistic of 75.27 with a p-value of 0.00295. This
suggests that the null hypothesis of white noise residuals should be rejected at the 95
per cent level. The KPSS test also resulted in the null hypothesis being rejected with a
p-value of 0.04289.
In interpreting these results, it needs to be borne in mind that, with a sample size in
excess of 3,000, the power of the test is going to be very high, that is, it will be capable
of detecting even small deviations from pure, white noise residuals. This is seen in the
autocorrelation function of the residuals shown in Figure 6.2 above. Here the
confidence interval is very small and autocorrelation estimates as low as 0.05 are
showing as significant.
Confronted by an inconvenient test statistic we can always draw comfort from George
Box's observation that:
Essentially, all models are wrong, but some are useful.38

If more modern authors offer greater solace we might turn to Hyndman and
Athanasopoulos (2012) who note that:
Sometimes it is just not possible to find a model that passes all the tests. 39

38

Box and Draper, 1987: 424.

39

Hyndman and Athanasopoulos, 2012: 8.9 Seasonal ARIMA models.
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Trend over time
The releases data was also examined to see if there was any evidence of a trend over
time. Running a regression of releases against time over the period 1998 to 2014
showed a small significant, negative relationship between releases and time, with an Rsquared of only 13 per cent. Running an ARIMA model on the same data set also
showed a small significant negative relationship between releases and time.

6.4

Fitted results

The fitted dam release values using the preferred model are a very close match to the
observed dam releases over the period from July 2006 to December 2014 as shown in
Figure 6.4.
Figure 6.4

ARIMA model fitted versus actual dam releases observations
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Source:

ICRC analysis.

In order to create estimates of annual billed consumption, the daily releases have first
to be aggregated to monthly figures in a way that reflects the logic of the 91 day billing
cycle, discussed earlier. This done in a manner that is the daily equivalent of the 1/6,
1/3, 1/3, 1/6 method that has previously been applied to the monthly climate data. With
monthly releases data covering the same periods the monthly billed consumption data,
monthly ratios of billed consumption to dam releases can be calculated. As expected
these showed considerable volatility on a month to month basis.
Using the historical data over the period 1999 to 2014, the Commission experimented
with two alternative ways of using averages of this monthly data to create estimates of
annual billed consumption from the monthly releases data. This showed that using
monthly averages of the ratio to construct estimates of monthly billed consumption and
then summing to annual totals offered no advantages over the simpler procedure of
applying the overall average ratio to the sum of monthly releases.
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6.5

ARIMA model forecasts

The forecasting process involves three steps:


forecast daily releases from assumed climate conditions using the ARIMA
model;



aggregate this data into monthly totals comparable in coverage to the monthly
billed consumption date; and



apply the historical average ratio of billed consumption to releases to annual
releases to calculate forecast billed consumption.40

Before using this procedure to generate forecasts, the Commission tested the in sample
performance using daily fitted values from the ARIMA model. Figure 6.5 shows the
results of this exercise over the 7 years from 200708 to 201314. The in sample
forecasts lie in a range of ±2 per cent of actual annual billed consumption with many
within one per cent, a very close match. The in sample forecast for 201314 was
41.5 GL, a little lower than the observed billed consumption of 42.0 GL.
Figure 6.5

Billed consumption observed versus modelled values

45,000

ACT billed

40,000

ARIMA model

35,000

ML

30,000
25,000
20,000
15,000
10,000
5,000
0
2008

2009

2010

2011

2012

2013

2014

Year ending 30 June

Source:

ICRC analysis.

Having specified and tested the forecasting procedure, the Commission then used it to
forecast billed consumption for the two years of the forthcoming biennial. First the
ARIMA model was used to forecast dam releases over a 907 day period from
6 January 2015, the day after the latest observed dam release data point, to the end of
the 2015 biennial period on 30 June 2017. The Commission assumed average climate
conditions over the forecast period, using long-term daily climate averages from
1 July 1967 to 5 January 2015. The point forecasts for daily dam releases are shown in
Figure 6.6

40

The data and R script used to estimate the ARIMA model and generate the forecasts is available on the
Commission's website.
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These daily forecasts are then aggregated to annual dam release forecasts from which
annual billed consumption forecasts can be generated using the procedure described
above. The annual forecasts of dam releases and billed consumption are detailed in
Table 6.1.
Figure 6.6

ARIMA model dam releases forecasts
Observed releases
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Source:

Table 6.1

ICRC analysis.

ARIMA model annual forecasts (GL)

Financial year

Dam releases

Billed consumption

2015

47,341

39,848

2016

46,981

39,800

2017

46,846

39,636

Source:

ICRC analysis.

The ARIMA annual billed consumption forecasts average 39.7 GL over the biennial
period, slightly lower than BR2015 and ICRC mid-term model forecasts.
Should anyone wish to further examine the ARIMA model discussed in this paper,
please contact the Commission for more detail on the data utilised and the R script
developed to run the model.
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Conclusions and implications for
the biennial

7.1

Aggregate water sales forecasts

In reaching its 2013 decision on forecast water volumes, the Commission reviewed the
relevant forecasting models and latest consumption and climate data, and determined a
conservative forecast to ensure that Icon Water recovers its forecast regulated revenue.
This process arrived at 38 GL for 201314 and 201415. The Commission noted at the
time that this was conservative when compared to Icon Water’s forecast of . G for
3‒ and the likely forecast made by the Breusch-Ward model for
‒ in one
year’s time.
The evidence from 201314 shows that Icon Water sold 42.0 GL, 10 per cent or
3.9 GL more in 201314 than the 38 GL forecast.41 The in sample forecast for
2013 using the Commission’s preferred A IMA model is 39. G .
Looking to expectations for the second year of the current period, 201415, BOM is
forecasting a drier and warmer than average outlook for summer over northern, eastern
and central Australia. BOM forecasts a 31 per cent chance of the Canberra Central
201415 summer rainfall exceeding the median of 165 mm and a 75 per cent chance of
exceeding the median maximum temperature of 26.6 degrees Celsius.42 This, together
with a review of the comparative data for the first 6 months of 201314 and 201415
suggests that Icon Water will once again sell more than 38 GL but is unlikely to sell
more than 42 GL. The ARIMA model forecast is 39.8 GL based on long-term climate
averages.
As noted earlier, the currently available evidence supports the hypothesis that a new
stable relationship between water consumption and climate variables emerged in about
July 2006. Nevertheless, given the history of water consumption in the Territory over
the last two decades, it is too early to be confident that this apparently stable
relationship will extend into the future.
Therefore, as was the case in 2013, caution should be applied in placing too much
reliance on any one statistically based forecasting model. Nonetheless, in the absence
of any evidence that a break in recent patterns of water consumption is about to occur,
the Commission considers that the ARIMA model and associated forecasting
procedure described above is likely to produce the most reliable forecasts. This is
because the ARIMA model:

41

This comprised 2.56 GL of additional tier 1 sales and an extra 1.37 GL of tier 2 sales than forecast.

42

See http://www.bom.gov.au/climate/outlooks/#/rainfall/total/75/seasonal/0.
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utilises daily releases data that has a direct and immediate relationship with the
daily climate data;



appropriately deals with the serial correlation between the high frequency
releases and climate data;



uses the relatively stable relationship between dam releases and billed
consumption to produce robust annual ACT water sales forecasts; and



shows strong in sample performance.

The Commission also notes that the ARIMA forecasts are not radically different from
those produced by the majority of the OLS models discussed in this paper.
The question that remains is whether the 38 GL figure should be utilised once again for
the 2015 biennial period, or adjusted. The more recent data from somewhat warmer
and dryer years suggests that if there is an adjustment, it should be upwards. The case
for an increase is supported by the various modelling forecasts discussed in this paper.
The Commission’s view is that the lower range of the model forecasts, around G
which is supported by the ICRC mid-term and Icon Water's BR2015 models and the
Commission’s A IMA model, is most likely to reflect Icon Water’s water sales under
average climate conditions over the biennial period.
The Commission’s initial position, therefore, is that there is a case for raising the
forecast water sales volume and intends to apply its ARIMA model forecasts of
39.8 GL in 201516 and 39.6 GL in 201617, which is at the conservative end of the
forecasting range discussed in this paper.

7.2

Tier 1 and tier 2 consumption split

The tier 1 and tier 2 consumption split that the Commission applied in 2013 of 56:44
per cent, which was based on the average consumption profile over the period 200809
to 201112, was relatively close to the reported 201314 actual split.
An alternative would be to apply the formula proposed by Icon Water in its BR2015
model:
e

x total annual consumption M
number of annual supply charges

Applying this formula to the 201314 annual water sales and using a total a supply
charge number of 162,951, results in a tier 1 proportion of 56 per cent, the same as the
Commission’s consumption split.
As such, the Commission’s initial position is to retain its current
split for the biennial period.
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Appendix 1 Letcher-Breusch model
regression results
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Appendix 2

ICRC mid-term model
regression results
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Appendix 3

BR2015 model
regression results
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Abbreviations and acronyms
ABS

Australian Bureau of Statistics

ACF

Autocorrelation function

ACT

Australian Capital Territory

AIC

Akaike Information Criterion

AR

Autoregressive

ARIMA

Autoregressive integrated moving average

BOM

Bureau of Meteorology

Breusch-Ward

Breusch-Ward model

Commission

Independent Competition and Regulatory Commission

GL

gigalitre (1,000 ML)

ICRC

Independent Competition and Regulatory Commission

ICRC Act

Independent Competition and Regulatory Commission Act
1997 (ACT)

kL

Kilolitre (1,000 litres)

LM

Lagrange multiplier

Letcher-Breusch

Letcher-Breusch model

ML

Megalitre (1,000 kL)

MLE

Maximum likelihood estimation

OLS

Ordinary least squares

PWCM

Permanent water conservation measures

PACF

Partial autocorrelation function

VIF

Variance inflation factor
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