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Executive Summary  

Background to the project 

Deloitte Access Economics (DAE) has been engaged by the Smart Water Fund (SWF) to conduct a 
review of water demand modelling methodologies for the Victorian water industry. The key 
objectives of the review are to: 

 Ascertain the needs of the Victorian water industry in relation to water demand modelling and 
forecasting 

 Define a set of assessment criteria to enable comparison between the various methodologies 

 Evaluate available and known in-development modelling options against these assessment 
criteria. 

Our approach involved: 

 Consultation with water businesses, to gain industry insight about the demand modelling needs 
of the Victorian water industry and modelling methodologies 

 A review of current demand modelling methodologies, and some potential alternatives 

 Workshops with representatives from Victorian water businesses to discuss consultation 
findings and our assessment of demand modelling methodologies. 

Needs of the Victorian water industry 

Purposes of demand modelling 

In order to assess the strengths and weaknesses of various demand modelling methodologies, it is 
important to firstly determine the needs of the Victorian water industry, to ensure assessments 
made are backed by assessment criteria that reflect the requirements of water businesses. 

In consultation, water business identified some of the key purposes of demand modelling as to: 

 Meet regulatory responsibilities, in particular, producing demand forecasts for price reviews 

 Inform planning for capital expenditure and operating expenditure programs and projects 

 Conduct revenue forecasting to inform budgeting and planning 

 Meet policy objectives and inform water supply demand balance planning over the longer term, 
such as Water Supply Demand Strategy (WSDS) requirements. 

Desired characteristics of demand modelling 

Currently, the Victorian water industry applies a number of different modelling approaches for 
developing demand forecasts. Most businesses use End Use Modelling (EUM), whereas some use 
econometric regression analysis, projections based primarily on customer numbers and average 
usage, or some combination. All businesses that were consulted with for the project conduct 
modelling in-house, with some assistance from consultants where required. Businesses commented 
that being able to conduct the bulk of the modelling exercise in-house and having an understanding 
of the drivers of demand was an important feature of their demand modelling.  
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Most businesses consulted were relatively satisfied with their current approach to demand 
modelling, however there were a number of areas where businesses identified that additional 
functionality would be desirable, including: 

 A greater level of detail in terms of segmentation of data and results,  from both a geographic 
and demographic perspective (for example, producing forecasts for separate systems or towns, 
or greater levels of customer segmentation, such as between existing and new customers) 

 Ability to more clearly identify specific drivers of demand, such as changes in customer 
behaviour and efficient appliance uptake, changes in usage patterns between different 
customer groups (e.g. existing versus new customers) 

 Ability to identify or establish linkages between potable water demand and recycled water and 
waste water 

 Improved interface between demand modelling and other business modelling activities (e.g. 
integration of demand forecasting data collection with billing systems allowing a business to 
forecast individual customer demand more accurately, and better linkages with capital and 
operating expenditure planning). 

A number of challenges identified by businesses in developing demand forecasts related to the 
collection of suitably detailed and reliable data. In particular, measuring household usage patterns 
and the impact of water conservation strategies and restrictions. It was also noted that the reliance 
of demand outcomes on weather means that the ability to predict demand outside of expected 
climate scenarios is limited. 

Assessment criteria 

We have developed a range of assessment criteria to compare demand modelling methodologies 
and inform Victorian water businesses about the relative strengths and weaknesses of each, assisting 
them to make an educated decision about the optimal methodology they might use to meet their 
needs. The assessment criteria were developed through individual consultations with water 
businesses, workshops with the Smart Water Fund and project stakeholders, and our own analysis.  

The assessment criteria adopted fall broadly into the following categories: 

 Forecasting quality – with our definition of ‘quality’ encompassing attributes such as accuracy, 
robustness and reliability 

 Input requirements – the costs and data requirements associated with the methodology 

 Understandability – the complexity and transparency of the methodology  

 Flexibility – the ability to increase the geographic and/or demographic segmentation of the 
methodology, as well as the forecast horizon 

 Additional benefits – such as whether the methodology supports other business functions 
(beyond the production of a value for forecast water demand). 

Table E-1 Assessment criteria 

Criterion Definition and approach to assessment 

Forecasting quality 

Accuracy Accuracy refers to the extent to which the predicted values of water use obtained from 
the forecasts are close to the actual outcomes. This can only be empirically tested ex-
post for a specific application of a demand modelling methodology.  

In this report, we make comparisons between the various modelling methodologies, but 
do not provide an assessment against this criterion for any methodology. This is because 
the accuracy of a given forecast can vary substantially, depending on the way in which 
the methodology is applied, and may not reflect fundamental weaknesses in the 
methodology itself. 
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Criterion Definition and approach to assessment 

Robustness Robustness is defined as whether or not violation of the assumptions required to 
develop the modelling methodology would change the performance of the model (i.e. 
forecasting accuracy) significantly or invalidate the forecast. Given the link to accuracy, a 
comprehensive assessment of robustness will typically require a review of forecasts 
against actual outcomes.  

Reliability A modelling methodology is considered reliable if the assumptions underpinning the 
model can be tested.  

Input requirements 

Cost Costs considered include upfront development and on-going costs. Only additional costs 
are included in this category (i.e. those that would not otherwise be incurred by the 
business in its normal activities). 

Data requirements Whether the demand modelling methodology requires extensive data collection, such as 
consumption data, economic and demographic factors, weather data, behavioural data, 
etc. 

Other considerations include: 

 Whether data required is readily available (e.g. public sources or already collected in 
billing systems) 

 Whether the forecasts can still be produced despite data gaps. 

Understandability 

Complexity Considerations include: 

 Whether modelling can be conducted in-house or requires input from external 
consultants 

 The time required to update forecasts (not including data collection issues). 

Transparency Transparency is defined and assessed according to the following considerations:  

 Whether there is a clear, well-defined and accepted method according to which 

modelling is carried out 

 Whether the steps in modelling methodology are easy to identify and assumptions 
underpinning the model can be documented 

 Whether the links between inputs and outputs are clear 

 Whether the model can be readily understood by a third party. 

Flexibility  

Ability to increase 
geographic and/or 
demographic 
segmentation 

Geographic segmentation refers to the ability to increase the detail of results in 
geographic terms, such as producing forecasts by region or town. 

Demographic segmentation refers to the ability to include additional variables (and 
produce outputs) to represent demographic characteristics such as household size. 

Ability to test 
alternative forecast 
scenarios 

Flexibility of the model in terms of enabling alternative scenario testing relating to key 
variables of interest (e.g. weather, price, customer behaviour etc.). 

Flexibility in 

forecasting horizon 

Whether the modelling methodology exhibits any limitations or strengths in terms of 

ability to forecast over varying time horizons. 

Additional benefits 

Transferability to 

other business uses 

Whether the modelling methodology produces outputs or contains information that can 

be extracted for use in other business functions, or for customer education. 
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Approaches assessed 

End Use Modelling 

EUM estimates water usage by ‘end use’ customer distribution points. Individual end uses are then 
aggregated to produce demand forecasts for each customer segment, and ultimately, a prediction of 
total water demand. 

Aggregated historical demand is extracted from billing systems, disaggregated across a business’ 
customer base, and demand for each resulting component is then brought forward to the current 
period, to produce a base level of water demand. Demand is then forecasted for each component, 
accounting for predicted future changes in the variables that influence demand. Each demand 
component is then aggregated to give total water demand. 

Time series regression 

Time series analysis is based on the decomposition of a series (i.e. water consumption over time) 
into a trend, seasonal, cyclical and irregular component such that the known components of the 
series can be extrapolated into the future. Through the use of a well-established modelling 
framework, time series regression analysis involves estimating the irregular, trend and cyclical parts 
of the series. Regression analysis allows for the understanding of the relationship between the 
variable of interest (water consumption) and other variables which are expected a priori to be 
related to the variable of interest. 

Panel data regression 

Panel data regression exploits information provided by the sampling variability both across 
individuals and over time. By comparison, cross-sectional analysis utilises only the former and time 
series analysis the latter. The panel data methodology is also highly flexible in relation to increasing 
geographic and demographic segmentation and detail. 

Panel data provide more degrees of freedom and more sample variability than cross-sectional data 
or time series data alone, allowing more accurate inferences of the model parameters to be 
produced. Furthermore, panel data analysis at the household level allows controlling for various 
degrees of heterogeneity across households. 

Agent Based Modelling 

ABM is a computational approach to modelling systems comprised of autonomous, decision-making 
entities called agents. By simulating agents’ attributes and behaviours within a virtual environment, 
ABM aims to understand how agents’ individual interactions influence system-wide dynamics. While 
ABM is similar to EUM in that it is a bottom up approach to developing forecasts, it has a distinct 
ability to capture behavioural interactions between agents. ABM is particularly useful for 
understanding systems where the overall effects or dynamics may differ from the sum of the 
system’s parts. 

Basic methodology 

A widely employed technique for forecasting demand (defined as the ‘basic methodology’ for the 
purposes of this report) is to establish a base level of historic usage (often expressed, for residential 
customers in kL/customer or kL/population per year – although L/population/day is also applied in 
some jurisdictions), and then project demand going forward based on estimates of customer or 
population growth.  

Under the basic methodology, adjustments to forecasts determined in the above manner are often 
made based on a variety of factors considered to be contributors to demand, including changes in 
demographic factors (such as penetration of water efficient appliances or rainwater tanks) and 
corrections for weather or price impacts. 
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Assessment of demand modelling methodologies 

Summary scoring 

Each demand modelling methodology was scored in a summary matrix against each individual 
criterion, with a score of 1 representing the least favourable outcome, and 5 the most favourable. As 
shown in the figure below, a score of 1 against the ‘cost’ criterion means the methodology is very 
expensive, while a score of 5 would suggest the methodology is very inexpensive. 

Figure E-1 Ordinal ranking scale – cost example 
 

 

Scoring was based on our own analysis, consultations and workshops with project stakeholders. The 
table below depicts the scores of each demand modelling methodology against each assessment 
category. See the body of the report and summary notes in Section 0 for further details on each 
score. 

Table E-2 Demand modelling methodologies: scoring matrix 

 End Use 

Modelling 

Time series 

regression 

Panel data 

regression 

Agent Based 

Modelling 

Basic 

methodology 

Forecasting quality      

Accuracy N/A N/A N/A N/A N/A 

Robustness 2 3 4 4 1 

Reliability 2 3 4 2 1 

Input requirements      

Cost 2 4 2 2 5 

Data requirements 2 4 2 3 5 

Understandability      

Complexity 3 4 2 2 5 

Transparency 3 5 4 1 3 

Flexibility      

Ability to increase 
geographic/demographic 
segmentation 

2 3 4 4 4 

Ability to test alternative 
forecast scenarios 

3 4 4 5 1 

Flexibility in forecasting 
horizon 

3 3 3 3 2 

Additional benefits      

Transferability to other 
business uses 

5 2 3 5 1 

 

The use of an ordinal scoring system means that it is the order of ratings, rather than the difference 
between the numbers that matters for each criterion – that is, the numbers cannot be summed to 
achieve an overall score for each methodology. Rather, each methodology should be considered 
based on its comparative strengths and weaknesses. The following section provides guidance on how 

Very 

expensive

Somewhat 

expensive
Neutral

Somewhat 

inexpensive

Very 

inexpensive

1 2 3 4 5
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these comparative strengths and weaknesses can be taken into account in interpreting the scoring in 
the matrix above.  

Comparison of relative strengths  

To compare the relative strengths of each methodology we have considered: 

 Performance against each criteria and the general categories of the assessment criteria 

 The needs of the Victorian water industry as identified in our consultations.  

In a regulatory price determination setting, forecasting quality is paramount – inaccurate forecasts 
can be extremely costly for businesses, particularly where price cap controls are in place. This 
suggests the use of panel data regression, ABM or time series regression (although we note that 
EUM has also typically been assessed by regulators as an appropriate methodology). These 
methodologies are also likely to be most effective for planning operating and capital expenditure 
requirements – although in this case, flexibility (in particular, the ability to segment results by 
customer group and geography) becomes paramount. 

It should also be noted that individual businesses may find that different methodologies result in 
different levels of forecasting quality, depending on their own particular circumstances such as 
climate variability and customer and use profile. It is not possible to tell with certainty which 
methodology will produce the most accurate forecasts for an individual business without statistically 
testing the accuracy of outputs of alternative methodologies using the data of that business. 

Applications of demand forecasting methodologies by businesses outside the regulatory process may 
be suited to alternative methodologies: 

 Time series regression and the basic methodology are likely to be adequate for simple internal 
forecasting requirements, when the needs of the businesses are relatively broad and detailed 
results are not required (e.g. an annual demand forecast going into the budget or corporate 
plan). Simplified versions of ABM and EUM could also deliver the required results in terms of 
obtaining simple outputs at a relatively low cost, although simplification tends to reduce 
forecast quality for these approaches 

 Depending on specification of the actual model applied, EUM and ABM will typically provide 
broader benefits to the business as a whole than other methodologies, in particular, by 
explicitly recognising individual demands from alternative appliances. This can support: 

 Development of conservation strategies and marketing efforts 

 Translation of results to sewer flow modelling 

 The basic methodology remains the most commonly applied methodology for non-residential 
forecasting. Depending on the nature of non-residential demand, we consider that a time-series 
methodology applying to economic and industry-related explanatory would be likely to produce 
a higher quality forecast with relatively low additional cost. 

 When considering requirements to make forecasts over longer time horizons, there is little 
separating any of the modelling methodologies. Generally, the longer the forecasting horizon, 
the less likely a demand forecast is to be accurate. In our view, the key determinant of ability to 
forecast over long time horizons will be the initial quality of the forecast and the ability to test 
key assumptions – however, testing the validity of assumptions becomes increasingly difficult as 
forecasting horizon increases.  

The following table provides a summary of key parameters (i.e. categories of assessment criteria) by 
modelling purpose, with the strongest performing methodologies based on those parameters 
identified. 
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Table E-3 Relative strengths of methodologies by modelling purpose 

Modelling purpose Key parameters Strongest performing methodologies 

Regulatory price determinations Forecasting quality 

Understandability 

Panel data regression 

Time series regression 

ABM 

Expenditure and business planning Flexibility 

Forecasting quality 

ABM 

Panel data regression 

Time series regression 

Wider applications, e.g.: 

 Efficiency programs 

 Customer communication 

Additional benefits 

Understandability 

EUM  

ABM 

 

Implementation and transition costs 

In our view, forecasting quality is the most important characteristic for all applications of demand 
forecasting, however, we also recognise that achieving high levels of forecasting quality may come 
with costs. A business’s assessment of costs and input requirements will vary depending on a range 
of factors, such as: 

 Size and available resources – larger businesses with specialised staff will be better equipped to 
bear higher overall costs and also face lower incremental costs in transitioning to alternative 
approaches that require specialist demand modelling skills  

 Customer and demand profile – businesses with relatively stable customer and demand profile 
may determine that forecasting quality is only incrementally improved under more sophisticated 
modelling approaches, and as such, may be less willing to incur additional costs 

 Purpose of modelling – costs of inaccurate forecasts price determinations may be substantial 
(running into the millions), justifying a relatively high level of outlay on. However, if the 
modelling purpose is long-term forecasting, or to inform communications with customers, the 
costs associated with inaccurate forecasts may be relatively minor (or, to put it another way, the 
marginal benefits of increasing forecasting quality may not outweigh the marginal costs 
associated with adopting a more complex and costly modelling methodology. 

Costs are compared for generic applications of each methodology, where the business maintains 
substantive control over the modelling process, and data collection requirements are consistent with 
optimal forecasting accuracy for that methodology. In some cases, there will be alternative 
applications of the methodology that involve significantly less costly to implement and maintain, in 
particular: 

 EUM is assessed as being on par with ABM and panel data approaches, largely on the basis of 
data collection and labour costs. Where input data and assumptions are obtained from public 
sources (such as ABS releases and other studies), the costs of EUM will be significantly less – 
however, forecasting quality would be expected to fall 

 The high costs of ABM also relate to data and labour. However, if businesses are willing to 
implement the approach as a largely outsourced process, then these costs could be significantly 
lower – however, this would reduce the understandability, flexibility and additional benefits that 
come from an in-house modelling process.  

When considering the adoption of an alternative modelling methodology, costs will vary depending 
on the specific application, but in general:  

 EUM has relatively low start-up costs, but ongoing costs are high, due to sampling requirements 
for updating end use data 

 Start-up costs for panel data regression are relatively high, but ongoing costs are low, as ongoing 
data collection requirements are consistent with typical business practices 
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 Costs of ABM will vary depending on the application – an in-house approach could have both 
high start-up and ongoing costs, while outsourced approaches could be relatively low cost 

 Time series regression is expected have low start-up and ongoing costs. 

EUM, ABM and panel data regression are all likely to impose similar ongoing labour costs, requiring 
at least some specialist modelling expertise. 

Testing accuracy 

As noted above, it is not possible to demonstrate with certainty which demand modelling 
methodology will provide the most accurate forecast. Furthermore, this report seeks mainly to 
inform business about the general strengths and weaknesses of alternative methodologies to assist 
businesses in making an informed choice, and as such, makes general comparisons between the 
methodologies, the results of which may differ for alternative businesses or uses.  

A business considering adopting an alternative modelling methodology (or changing its approach to 
applying its current methodology) should undertake to test the accuracy of both its existing 
application and alternative applications of other methodologies, where data is available to make this 
feasible. 

This can generally be done by comparing various forecasting performance measures for the 
approach. Appendix A provides examples of forecasting performance measures that can be used to 
test forecasting accuracy of alternative applications and methodologies using past data and 
outcomes. 

 

  



 

27 June 2013 © Copyright Smart Water Fund 2013 – Demand modelling alternatives Page 9 

  

1 Background  
1.1 Project overview and approach 

1.1.1 Key objectives of the project 

Deloitte Access Economics (DAE) has been engaged by the Smart Water Fund (SWF) to conduct a 
review of water demand modelling methodologies for the Victorian water industry. The key 
objectives of the review are to: 

 Ascertain the needs of the Victorian Water Industry in relation to water demand modelling and 
forecasting 

 Define a set of assessment criteria to enable comparison between the various methodologies 

 Evaluate available and known in-development modelling options against these assessment 
criteria. 

1.1.2 Our approach 

Our approach involved: 

 Consultation with water businesses, to gain industry insight about the demand modelling needs 
of the Victorian water industry, and modelling methodologies. Consultations were held with: 

 City West Water 

 Yarra Valley Water 

 South East Water 

 Coliban Water 

 Central Highlands Water 

 Melbourne Water 

 Smart Water Fund 

 Goulburn Valley Water 

 Hunter Water 

 A review of demand modelling methodologies – both locally and internationally – as informed 
by a detailed literature review 

 Workshops with Project Champion Dr Chris Jones of City West Water and the Project Advisory 
Committee, which was comprised of representatives from the aforementioned water businesses 
(excluding Goulburn Valley Water and Hunter Water) 

Demand modelling (in particular, panel data econometric modelling) subject matter expertise was 
provided throughout the process by Dr Vasilis Sarafidis, Senior Lecturer in Econometrics at Monash 
University.  

Modelling methodologies 

The modelling methodologies assessed were informed by consultations with stakeholders (i.e. 
modelling methodologies currently in use in the industry) and our own experience and research. We 
have assessed the following demand methodologies in this report: 

 End Use Modelling (EUM) – largely focussed on existing methodologies used in the industry 
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 Econometric modelling – including a specific focus on panel data methodologies such as that 
used by Sydney Water and time series econometric modelling  

 Agent Based Modelling (ABM) – including work done in the industry and a general review of the 
applicability of agent-based modelling methodologies to water demand forecasting 

 Other methodologies – we have also considered a ‘basic’ water demand modelling 
methodology, incorporating average use and growth in customer numbers. 

Office of Living Victoria 

The Office of Living Victoria (OLV) is a 2010 Victorian Government initiative that aims to co-ordinate 
urban and water planning, to ensure water is managed appropriately and used to enhance 
Melbourne’s ‘liveability’. In particular, the OLV aims to concentrate on integrated water cycle 
management (IWCM), with special emphasis on Melbourne’s four main growth areas, and 
Melbourne’s inner region.1 

As distinct from traditional water service provision, which focuses on water supply from a single 
source with single disposal water and wastewater services, IWCM integrates water supply with 
wastewater discharge, stormwater runoff, the environment and public amenity, to better utilise 
large centralised water supplies, such as dams and desalination.  

The scope of this report is narrower than that of the OLV’s objectives. That is, it considers just the 
demand modelling methodologies of water businesses, and does not take into account any 
recommendations or other material developed by the OLV that incorporates alternative water 
sources or broader changes to urban planning. However, we note that businesses should take any 
relevant work conducted by the OLV into account in designing their own demand modelling 
strategies. 

                                                
1 For more information about the OLV, refer to http://www.water.vic.gov.au/olv/living-victoria 

http://www.water.vic.gov.au/olv/living-victoria
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2 Needs of the Victorian Water 
Industry  
In order to assess the strengths and weaknesses of various demand modelling methodologies, it is 
important to firstly determine the needs of the Victorian water industry, to ensure assessments 
made are backed by assessment criteria that reflect the requirements of water businesses. 

This chapter discusses the demand modelling needs of the businesses as identified in our 
consultations, including: 

 Current methodologies to demand modelling 

 Key costs and challenges faced in modelling water demand 

 Adequacy of demand modelling methodology 

 Data requirements and collection. 

2.1 Key purposes of demand modelling 
Water businesses reported that they undertake demand modelling for a range of reasons. The key 
purposes of demand modelling cited were to: 

 Meet regulatory requirements. Most businesses commented that they are required to forecast 
demand to inform Water Plans and price reviews, and satisfy Water Supply Demand Strategy 
(WSDS) requirements 

 Conduct revenue forecasting to inform budgeting and planning. Most businesses listed revenue 
forecasting as an important reason for demand modelling, indicating they model demand 
annually to inform their corporate plans. Some regional businesses identified demand modelling 
as a critical component of ensuring water security in their jurisdictions 

 Plan capital expenditure programs to inform capital expenditure unit rates, the water balance 
and net present value for individual projects. In general, capital expenditure planning was listed 
as a key purpose of demand modelling by the larger metropolitan businesses, although one 
business also commented that demand modelling assists with measuring the feasibility of 
planned capital works projects. Another mentioned that its demand modelling informs capital 
expenditure planning, which subsequently facilitates operations and maintenance planning. 

In addition, water businesses use demand modelling to contribute to operations and maintenance 
planning and environmental and sustainability strategies such as greenhouse gas emissions and 
carbon offset strategies.  

Some water businesses also use demand modelling for ad-hoc programs. One noted that it uses 
demand modelling to inform short-term supply outlooks for Melbourne Water, and intends to use 
demand modelling to make projections for water trading purposes 

2.2 Current approaches to demand modelling 

2.2.1 Demand modelling methodologies 

All businesses reported that demand modelling is developed and maintained in-house, with some 
ad-hoc assistance provided by external consultants.  



Needs of the Victorian Water Industry 
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Demand modelling methodologies vary in sophistication from basic average usage multiplied by 
customer numbers, to EUM and econometric analysis.  

Most businesses use End Use Modelling (EUM) to develop demand forecasts, whereas some use 
econometric regressions, or more simplistic projections based on customer numbers and average 
usage. Businesses that used the latter methodologies prefer to do so as they are simple and cost-
effective. All conduct modelling in-house, with some assistance from consultants where required. 
Businesses commented that this is an important feature of demand modelling. With respect to EUM, 
some cited advantages are: 

 It is relatively inexpensive to build the EUM in Microsoft Excel (although data collection can be 
expensive) 

 The process is easy to follow, presenting reasonable granularity and insight into the impact of 
technology uptake 

 Links between low-level inputs (such as appliances) and demand impacts can be identified.  

Demand reforecasting periods vary from one to five years, depending on the reasons for the 
modelling, which include: 

 Regulatory price reviews and the WSDS require updates every five years 

 Corporate plans (which cover 3 year rolling periods) require updates every year 

 Specific capital expenditure projects may require ad hoc updates to demand forecasts. 

Typically, updates undertaken more frequently than for the five yearly reviews and WSDS involve 
only minor ‘tweaks’ to inputs, rather than major changes to assumptions or techniques. 

Customer and geographic segmentation 

All businesses segment their customer bases by residential and non-residential customers. 
Residential customers are usually estimated according to the number of connections a water 
business has in its system. One regional business explained that it splits its residential demand 
forecasts by township, further segmenting its customer base into new and old customers. The 
business considers new customers to have more appliances and smaller allotments than old 
customers, and it makes a corresponding adjustment to its total number of existing customers to 
account for this. 

Another regional business divides demand into indoor and outdoor usage, with indoor usage 
measured by appliance, frequency of use, and water used per use. 

Customer growth forecasts are generally made according to Victoria in Future (ViF) projections 
estimated by the Victorian Department of Planning and Community Development (DPCD), with 
adjustments made as appropriate. 

Demand modelling methodologies often differ by geographic area, and businesses that modelled 
their jurisdictions as a whole suggested they would prefer to estimate separate towns or areas 
separately, due to different characteristics in each. 

Most businesses estimate water demand from major customers separately. Major customers are 
generally individual industrial customers who exceed a given water usage threshold. 

Demand modelling inputs 

Price elasticity, where modelled, is generally based on relevant literature reviews, such as the study 
conducted by Sydney Water.  

 A number of businesses do not incorporate price elasticity in their forecasts. One noted that 
while it had identified a dramatic recent decline in demand, the precise reasons for this were 
not clear, and that an understanding of elasticity may provide an explanation.  
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 Another mentioned that it does not include elasticity in its regression model as it does not 
anticipate sufficiently large price changes in future. 

Most businesses incorporate climate data, typically using Bureau of Meteorology forecasts. A 
common approach is to consider the relationship between daily bulk water and weather variables, 
then calibrate weather to demand.  

Population and customer growth forecasts are taken from the ViF forecasts for most businesses: 

 Some businesses reported using specific historical growth rates for particular towns or areas, 
where growth patterns were known to be markedly different from the ViF figures 

 One business uses population density forecasts as a proxy for dwelling density and usage per 
household. 

Demand modelling outputs 

Forecast outputs are generally annual. Larger businesses split their annual residential and non-
residential forecasts into monthly forecasts, using historical monthly water demand splits. Some 
businesses commented that their EUM provides indoor and outdoor demand splits.  

2.2.2 Desired characteristics of demand modelling 

Generally, businesses noted that they were satisfied with their current demand modelling 
methodologies, although most mentioned that they would benefit from additional data and 
information on key drivers of demand.  

Businesses identified the following characteristics that could assist in achieving their demand 
modelling objectives: 

A greater level of detail in existing functionality 

Most businesses commented that they would benefit from a greater level of detail in their demand 
forecasts, with greater segmentation of demand both demographically and geographically. Common 
themes include: 

 Businesses would ideally be able to develop a model for each of its water supply systems 

 Greater non-residential segmentation would be beneficial, such as light industry, commercial 
customers, and retail stores 

 Increases in new customers on integrated water cycles2 will be a future consideration, and data 
should be available to measure this impact on demand 

 A number of businesses noted that a split between existing and new customer demand would 
be of value. 

Some metropolitan businesses reported trying to segment their non-residential customers by ANZSIC 
codes but found the effort to maintain this data set was excessive. 

MW also reported that industrial customer projection techniques are often not as robust as it would 
prefer. That is, while population growth is a common proxy for customer growth, there is no 
analogous proxy to measure growth in non-residential customers. 

                                                
2 Integrated Water Cycle Management (IWCM) links different elements of the urban water cycle, including 
water supply, sewage and stormwater. It aims to improve communication between water utilities, water users, 
and water managers, in order to maximise benefit to the economy and the environment. For a description of 
IWCM in the context of the NSW Department of Primary Industries, refer to: 
http://www.water.nsw.gov.au/Urban-water/Country-Towns-Program/Best-practice-management/Integrated-
Water-Cycle-Management/Integrated-Water-Cycle-Management/default.aspx 

http://www.water.nsw.gov.au/Urban-water/Country-Towns-Program/Best-practice-management/Integrated-Water-Cycle-Management/Integrated-Water-Cycle-Management/default.aspx
http://www.water.nsw.gov.au/Urban-water/Country-Towns-Program/Best-practice-management/Integrated-Water-Cycle-Management/Integrated-Water-Cycle-Management/default.aspx
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Additional functionality 

Many businesses suggested they would benefit from insight into uptake of water efficient appliances 
in households within their jurisdictions.  

Some businesses noted that they found it challenging to effectively incorporate climate variables in 
their models. Others noted that it would be beneficial to have clear links between water, recycled 
water and waste water in their modelling.  

One commented that it would be useful to understand why new residential properties use less 
water. This business’ modelling methodology does not currently include adjustments for water 
efficient appliances. 

Interface between demand modelling and other business modelling activities 

Temporal resolution is considered more important than geographic segmentation by most 
businesses. Relatively few links with other business modelling activities were reported. Some 
include: 

 One business uses its ‘demand builder’ program to inform growth planning 

 Demand modelling is linked to capital expenditure and general operating expenditure forecasts 

 One business indicated that it would like to integrate demand forecasting with other aspects of 
its operations (such as its billing systems), so consumption for each property could be forecast. 

2.2.3 Key issues and challenges faced in modelling water demand 

Key issues 

The major issue reported by water businesses related to the collection of data from both internal 
and external sources. Particular issues that were identified include: 

 The timing and impact of water restrictions. It was commonly mentioned that it would be useful 
to obtain more data on historical outdoor use patterns across the periods in which water 
restrictions were enforced 

 Measuring household usage patterns, such as uptake of water efficient appliances, outdoor 
water use, grey water use, and rainwater tank penetration and the volume of rainwater used by 
households. Most businesses commented that this would be of significant use, particularly in 
the context of EUM 

 Climate variability – given the link between weather and water demand, and difficulty in 
accurately forecasting weather conditions, demand forecasts are generally exposed to shifts in 
weather from average trends, regardless of the forecasting methodology.   

A number of businesses also noted that retaining modelling capability in-house, and being able to 
gain a detailed understanding of processes and results is important, and that the increasing 
complexity of EUM could be challenging.  

For example, one business noted that its models are complex, following a number of ad-hoc 
adjustments such as the manual addition of efficient shower heads. A number of businesses 
expressed concern at the major gap in modelling capabilities that would be exposed if key staff were 
to leave. 

Key challenges 

Given the dominance of in-house modelling, the major challenges associated with demand modelling 
for the water businesses are attributable to meeting the costs associated with conducting the 
demand modelling.  
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As discussed, almost all modelling is undertaken in-house. Just one business reported hiring 
consultants to contribute directly to their modelling efforts, although some businesses hire 
consultants to conduct ad-hoc modelling tasks, such as: 

 Resource Allocation Modelling (REALM), which allows a water business to measures whether 
demand is likely to exceed yield 

 Household appliance and usage surveys. 

Depending on the size and complexity of the model, water businesses reported their labour costs 
ranged from one FTE for three months once every five years, to one FTE per year.  

Data collection costs vary significantly depending on the modelling methodology – more detailed 
and sophisticated approaches will generally result in higher data collection costs.  

2.3 Data requirements and collection 

2.3.1 Data stocktake 

Most businesses mentioned that there would be a significant cost involved in increasing the 
granularity of data collected, and most are content to use broad proxies in place of detailed business 
or town specific data. For example, population growth forecasts are readily available, and present a 
reasonable estimate for use in demand modelling, despite the fact that this data may not precisely 
capture the jurisdictions of water businesses.  

Appendix B provides a summary of the types of data used by water businesses to develop their 
demand forecasting models, along with the source of the data and any issues concerning quality and 
availability. 
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3 Assessment criteria  
3.1 Overview 
Assessment criteria are standard characteristics by which a number of outputs or methodologies can 
be compared. Assessment criteria are often used as the basis for establishing rankings. For example, 
a teacher might use standardised assessment criteria to mark the exam papers submitted by his/her 
students.  

We have developed criteria to inform Victorian water businesses about the relative strengths and 
weaknesses of certain modelling methodologies, assisting them to make an educated decision about 
the optimal methodology they might use to meet their needs. 

The assessment criteria were developed through individual consultations with water businesses, 
identifying the needs of the Victorian water industry. A number of key factors were identified as 
being of significant importance, against which each methodology should be compared. While 
businesses may place differing degrees of importance on each assessment criterion to others, the 
criteria represents the overall set of the most important aspects of demand modelling to water 
businesses. 

We then developed an assessment matrix, outlining important demand modelling characteristics, 
and held workshops with representatives from Victorian water businesses and the Smart Water Fund 
to ensure our findings were relevant and applicable to the water industry in practice. 

3.2 Approach to assessment  
The assessment criteria adopted for the purposes of this report fall broadly into the following 
categories. 

 Forecasting quality – the accuracy of the outputs produced by the modelling methodology, as 
well as the robustness and reliability of the methodology 

 Input requirements – the costs and data requirements associated with effectively implementing 
the methodology 

 Understandability – the complexity and transparency of the methodology  

 Flexibility – the ability to increase the geographic and/or demographic segmentation of the 
methodology, as well as the ability of the methodology to make reasonable long and short term 
forecasts, and incorporate scenarios 

 Transferability to other business uses. 

The following sections discuss the definitions and reasoning behind selection of key assessment 
criteria and provide illustrative examples, while Table 3-1 in section 3.3 summarises the definitions 
and key factors taken into account in our assessment. 

3.2.1 Forecasting quality 

Forecasting quality relates to the strength of a given demand modelling forecast, and can generally 
be measured ex-ante by a water business. Forecasting quality of a given methodology is segmented 
according to its: 

 Accuracy – how closely the demand modelling forecast reflected actual outcomes (note that this 
criterion can clearly be measured ex-post only) 
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 Robustness – the extent to which the modelling methodology relies on a large set of 
assumptions for accuracy (since all methods rely on some assumptions), and whether violation 
of given assumption(s) materially affects the forecast results 

 Reliability – whether the assumptions underpinning the modelling methodology can be tested 

 Note that reliability of a particular input assumption will often depend on the 
representativeness of the selected sample of data used to formulate the assumption. To do 
this, a business must decide upon acceptable confidence intervals (i.e. the likelihood that 
the sample is not representative). For ranked datasets (e.g. the number of times a customer 
flushes his/her toilet each day), a sample size of approximately 250 observations or greater 
is considered of reasonable size to allow for a 5% margin for error.3 

3.2.2 Input requirements 

This category considers the resources required for a water business to develop and maintain each 
demand modelling methodology. Input requirements of a given methodology are: 

 Cost – the upfront development and ongoing maintenance expenses that are generally incurred 
in conducting the methodology  

 Data requirements – whether the demand modelling methodology requires extensive data 
collection 

3.2.3 Understandability 

Understandability refers to the degree to which a given modelling methodology can be readily 
understood. The understandability of the methodology is measured by its: 

 Complexity – the time required to update the methodology and the difficulty involved in doing 
so, as well as any software and specialist labour requirements 

 Transparency – the degree to which the modelling methodology and the links between inputs 
and outputs can be identified and understood 

3.2.4 Flexibility 

Flexibility considers the ease of adjusting a given modelling methodology to produce outputs at a 
greater level of granularity. In particular, this category considers the: 

 Ability to increase geographic and/or demographic segmentation – the ease of increasing the 
granularity of geographic results (e.g. by township), or demographic results (e.g. indoor vs. 
outdoor usage, household size and type)  

 Ability to test alternative forecast scenarios – whether variables can be isolated such that the 
model can incorporate different scenarios 

 Flexibility in forecasting horizon – any strengths or weaknesses in the ability of the model to 
forecast over various time horizons 

3.2.5 Additional considerations 

This category refers to considerations identified by water businesses as important that did not fall 
within any of the above categories. One consideration is: 

 Transferability to other business uses – the extent to which the inputs and/or outputs from a 
given modelling methodology can be used to inform other business activities, such as bulk sewer 
demand. 

                                                
3
 Measuring Usability (2013), What Is A Representative Sample Size For A Survey? Retrieved 4/6/2013, from 

http://www.measuringusability.com/survey-sample-size.php 

http://www.measuringusability.com/survey-sample-size.php
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3.3 Assessment criteria  
The following table provides a summary of the assessment criteria, our definition for each criterion, 
and key issues and considerations in our approach to assessing the performance of the modelling 
methodologies against each criterion. 

Table 3-1 Assessment criteria, definitions and approach to measurement 

Criterion Definition and approach to measurement 

Forecasting quality 

Accuracy Accuracy refers to the extent to which the predicted values of water use 
obtained from the forecasts are close to the actual outcomes. This can only be 
empirically tested ex-post for a specific application of a demand modelling 
methodology.  

In this report, we make comparisons between the various modelling 
methodologies, but do not provide an assessment against this criterion for any 
methodology. This is because the accuracy of a given forecast can vary 
substantially, depending on the way in which the methodology is applied, and 
may not reflect fundamental weaknesses in the methodology itself. 

Robustness Robustness is defined as whether or not violation of the assumptions required 
to develop the modelling methodology would change the performance of the 
model (i.e. forecasting accuracy) significantly or invalidate the forecast. Given 
the link to accuracy, a comprehensive assessment of robustness will typically 
require a review of forecasts against actual outcomes.  

Nevertheless, we have attempted to provide a high-level assessment of 
robustness by: 

 Identifying the key ‘make-or-break’ assumptions typically required to 
develop the methodology 

 Considering the extent to which the accuracy or validity of forecasts are 
sensitive to violation of these assumptions.  

Reliability A modelling methodology is considered reliable if the assumptions 
underpinning the model can be tested. 

Key considerations in examining reliability include: 

 The extent to which assumptions can be confirmed using data, empirical or 
statistical analysis 

 The ease/difficulty and costs associated with testing the underlying 
assumptions. For example, while certain behavioural assumptions could, in 
theory be tested, in practice the costs of doing so may be prohibitive 

 Whether assumptions can be tested before actual outcomes are reviewed 
(i.e. ex-ante), or only by comparison to actual results (i.e. ex-post, e.g. 
weather). 
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Criterion Definition and approach to measurement 

Input requirements 

Cost Costs considered include upfront development and on-going costs. For 
example, key costs might  include: 

 Internal labour costs incurred in conducting modelling (e.g. number of 
FTEs, time required, training etc.) 

 Data collection and maintenance costs (e.g. surveys, cost of updating 
database) 

 Software and licensing costs 

 Consultant costs. 

Note: only additional costs are included (i.e. those that would not otherwise be 
incurred by the business in its normal activities). 

Data 
requirements 

Whether the demand modelling methodology requires extensive data 
collection, such as 

 Consumption data 

o Temporality or time frequency of water demand data (e.g. daily, 
monthly) 

o Estimates of indoor and outdoor use 

 Economic and demographic factors 

o Number of residential and non-residential customers 

o Average household size  

o Dwelling density 

o Household appliance mix 

o Penetration of water efficient appliances  

 Demand management initiatives 

 Weather data 

 Behavioural data 

Other considerations include: 

 Whether data required is readily available (e.g. public sources or already 
collected in billing systems) 

 Whether the forecasts can still be produced with significant data gaps 

Relationship between adding complexity/functionality/detail and additional 
data requirements 

Understandability 

Complexity Considerations include: 

 Whether modelling can be conducted in-house or requires input from 
external consultants 

 Time required to update the forecasts (not including data collection issues) 

 Degree of difficulty in establishing and maintaining the methodology – e.g. 
level of training and/or specialist knowledge required 

Software requirements – e.g. whether Microsoft Excel is sufficient to conduct 
modelling, or whether a more detailed data analytics software package is 
required. 
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Criterion Definition and approach to measurement 

Transparency Transparency is defined and assessed according to the following considerations:  

 Whether there is a clear, well-defined and accepted method according to 
which modelling is carried out 

 Whether the steps in modelling methodology are easy to identify  

 Whether the assumptions underpinning the model can be documented 

 Whether the links between inputs and outputs are clear 

 Whether the model can be readily understood by a third party. 

Transparency is also considered important for demonstrating compliance with 
regulatory requirements. 

Flexibility 

Ability to increase 
geographic 
and/or 
demographic 
segmentation 

 

Geographic segmentation refers to ability to increase the granularity of results 
in geographic terms, such as producing forecasts by region or town. 

Demographic segmentation refers to ability to include additional variables (and 
produce outputs) to represent demographic characteristics such as: 

 Household size and type 

 Indoor usage vs. outdoor usage 

 New vs. old customers 

 Residential vs. non-residential customers 

Penetration and use of efficient appliances (showerheads, dual flush toilets, 
rainwater tanks etc.) 

Key factors in the assessment include whether the model can readily be 
adapted to take into account greater levels of geographic segmentation, and in 
doing so, whether there are any issues concerning: 

 Costs and time 

 Additional data requirements 

Impact on accuracy and flexibility 

Ability to test 
alternative 
forecast scenarios 

Whether variables in the model can be isolated in order to facilitate the testing 
of different scenarios. Such scenarios may relate to changes in weather, price, 
etc. 

The associated costs and data requirements of doing this are also considered in 
this assessment. 

Flexibility in 
forecasting 
horizon 

Whether the modelling methodology exhibits any limitations or strengths in 
terms of ability to forecast over varying time horizons. 

Additional benefits 

Transferability to 
other business 
uses 

Whether the modelling methodology produces outputs or contains information 
that can be extracted for use in other business functions, such as forecasting 
bulk sewer demand and communicating with other businesses and customers. 
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3.4 Testing accuracy 
As noted above, it is not possible to demonstrate with certainty which demand modelling 
methodology will provide the most accurate forecast. Furthermore, this report seeks mainly to 
inform business about the general strengths and weaknesses of alternative methodologies to assist 
businesses in making an informed choice, and as such, makes general comparisons between the 
methodologies, the results of which may differ for alternative businesses or uses.  

A business considering adopting an alternative modelling methodology (or changing its approach to 
applying its current methodology) should undertake to test the accuracy of both its existing 
application and alternative applications of other methodologies, where data is available to make this 
feasible. 

This can generally be done by comparing various forecasting performance measures for the 
approach. Appendix A provides examples of forecasting performance measures that can be used to 
test forecasting accuracy of alternative applications and methodologies using past data and 
outcomes. 
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4 End Use Modelling 
4.1 Overview 
End Use Modelling (EUM) estimates water usage by ‘end use’ customer distribution points. 
Individual end uses are aggregated to produce demand forecasts for each customer segment, and 
ultimately, a prediction of total water demand. EUM demand forecasts are produced according to 
the following process: 

1. Current demand, or demand at a previous point in time is disaggregated into customer groups 
(e.g. houses, units, non-residential etc) and end uses within each customer group. For example, 
residential demand is typically disaggregated into a number of indoor (e.g. washing machine, 
shower, toilet, dishwasher etc) and outdoor (e.g. garden, pool, car washing etc) end uses. The 
initial disaggregation will consider a range of data on appliance stock, usage patterns and 
efficiency: 

                                                                             

2. Demand for each end use is then projected over the forecast period using estimates or modelled 
changes in appliance stock, efficiency and behaviour. 

3. Total demand for each customer group is the aggregate of each of the projected end uses within 
that customer group, taking into account changes in customer numbers. 

4. Demand forecasts may be subsequently adjusted to account for the impact of factors not 
explicitly included within the end use demand components, such as price elasticity of demand 
and restrictions. 

An overview of the process logic underpinning a sample EUM is shown below:  

 

Source: Adapted from South East Water 2013 Price Review Demand Forecasts: Outcomes and Methodologies for South East 

Water 2013 Price Review Demand Forecasts; Australian Water Association (2013), Journal of the Australian Water Association, 

Vol. 40, No. 3, pp76-80 
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For non-residential customers, EUM does not normally consider appliance stock, but makes 
projections about commercial, industrial and municipal (where applicable) uses based on existing 
customer numbers and associated industry or economic trends that may be of impact (e.g. business 
cycle or gross state product trends). 

4.1.1 Current application 

Use in the Victorian water industry 

EUM is a commonly-used demand modelling technique among Victorian water businesses. In 2005, 
the Institute for Sustainable Futures (ISF) was commissioned by the CSIRO, South East Water, 
Melbourne Water, City West Water and Yarra Valley Water to develop an EUM for Melbourne 
metropolitan water businesses. The EUM extends the Water Services Association of Australia’s EUM 
distributed to members in 2004. 

Yarra Valley Water, City West Water and South East Water use EUM to forecast metropolitan water 
demand. Building on the EUM developed by the ISF, they separately forecast demand for a number 
of end use components, including clothes washers, toilets, shower, dishwashers and recycled water 
usage. Forecasts for each end use component are informed by appliance uptake, new technologies 
and the associated rate of change over time, and outdoor usage.  

Data is collected from a variety of sources, such as customer billing systems for historical demand 
estimates, and appliance stock surveys for appliance penetration.4 

Figure 4-1 provides an example of Yarra Valley Water customers’ residential end use shares for 
summer 2012, winter 2010, and winter 2004. Average daily water use per person was approximately 
128 in 2012. That year, showers contributed 31 litres, and both taps and irrigation contributed 20 
litres on average. Historical water usage information such as this is used by water businesses for 
usage pattern comparisons over time, and as the basis for water demand projections in EUM. 

Figure 4-1: End use shares of Yarra Valley Water residential customers 

  

Source: adapted from Yarra Valley Water (2012) 

 

                                                
4 See Section 4.3.2 for further details on typical data collection sources and methodologies. 
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EUM has been used in the regional Victorian areas of Geelong and Colac, as well as the Lower Hunter 
Region of NSW, where water businesses use EUM to project demand by geographical region,

5
 using a 

technique known as Integrated Resource Planning (IRP). IRP considers both future demand and 
supply projections across a 20-25 year period, and is the overarching framework used to inform the 
integrated Supply Demand Planning (iSDP) model, which incorporates end use modelling to project 
water demand for a given region, and link that projection to water supply forecasts over the 
projection period. This allows water businesses to identify supply-demand gaps, and develop 
methods to fill them. 

The iSDP model was first developed in the late 1990s by the ISF for the Sydney Water Corporation, to 
assist with water planning. Following subsequent adjustment by the CSIRO and National Water 
Commission (NWC), the model was extended to become the EUM currently used by Yarra Valley 
Water, South East Water, and City West Water. 

Informing demand management strategies 

The 2011 South East Queensland Water (Seqwater) Residential End Use Study (the Study) was 
developed in response to one of the most severe droughts in Seqwater’s recorded history, to provide 
a breakdown of residential water consumption over time. 

Seqwater’s methodology involved physical measurement of water use via smart meters, and 
responses from prior household water use surveys, which were used to understand water 
consumption variables. In addition, Seqwater conducted a water appliance stock survey to 
investigate the ways in which a household interacts with its appliance stock. 

Seqwater developed the Study to generate insights that could inform water demand models and 
assist in forecasting water supply requirements. In addition, Seqwater believed the analysis of end 
use data in conjunction with stock surveys and other data would assist in revealing the determinants 
(e.g. household demographics) of water demand for different end uses, such as showers and 
washing machines. This in turn would enable governments to target those end uses that could best 
be targeted by water reduction strategies. 

Measured end use data was collected over two week periods in winter 2010, summer 2010-11, and 
winter 2011. The results of the Study concluded (for example) that showers, clothes washers and 
taps were the highest end uses, with shower usage contributing approximately 30% of household 
consumption, and clothes washers contributing 20%. The results were useful in informing water 
demand management policy. For example, the study confirmed a previously-anecdotal observation 
that water consumption had shifted in the Seqwater area following the drought, due in part, 
perhaps, to prolonged water restrictions that influenced customer behaviour. 

4.2 Forecasting quality 

4.2.1 Accuracy 

Accuracy can only be measured ex-post for EUM (as for every modelling methodology), as it involves 
comparing forecasts to actual results for a given period in time and measuring any discrepancies.  

4.2.2 Robustness 

The number of assumptions required to develop an EUM can vary, based on the quality and extent 
of data available. Essentially, inputs must be included for each customer end use in EUM. Some of 
the key assumptions of EUM are: 

                                                
5 Mukheibir, P., Giurco, D., Turner, A., Franklin, J., Teng, M., McClymont, T., (2013), End-Use Demand 
Forecasting: Contemporary Insights, in Australian Water Association (2013), Journal of the Australian Water 
Association, pp. 76-80 
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 Stock and survey data available to a water business is representative of its entire customer 
population, and can therefore be applied to historical consumption data to obtain an estimate 
of end uses 

 Input assumptions – some inputs are easier to quantify with actual data than others. For 
example, customer numbers are relatively easy to source from internal billing systems. 
However, assumptions may be required for missing appliance stock data (e.g. efficient washing 
machine or showerhead penetration), household size and outdoor usage, as well as other 
customer behaviour patterns. These inputs are generally more difficult and costly to collect and 
gaps in the data may need to be filled with assumptions 

 Assumptions are also required to project individual end uses going forward (e.g. changes in 
appliance stock penetration, efficiency or usage). These are typically based on an assessment of 
past trends. 

In addition, it was noted in consultation that:  

 Businesses generally do not have a direct approach to forecasting outdoor usage and therefore 
make assumptions about it 

 Businesses do not have a consistent (and often an insufficiently granular) approach to accurately 
estimating household characteristics such as size. 

Impact of violating assumptions 

The impact of errors in assumptions related to specific input variables will depend on the extent to 
which those variables drive forecasts. Given EUM typically uses a range of inputs, an error in any one 
input will typically have a relatively minor impact. 

Price elasticity, where included, is commonly applied to aggregate demand forecasts after end use 
forecasts have been made. This presents a potential issue, as it assumes the impact of price does not 
have any effect on variables already considered in modelling, such as efficient appliance uptake. For 
example, an increase in water price would theoretically reduce water consumption, but it may also 
encourage greater uptake of efficient dishwashers by households. In addition, appliance stock 
surveys are generally conducted periodically, but infrequently, which has implications for the validity 
of the resultant assumptions in the model. 

More serious are errors in the data sourced to establish the base demand for each end-use 
component. Where the baseline end use data does not accurately reflect end use characteristics of 
the wider customer base, forecasting errors can be significant.  

4.2.3 Reliability 

While the EUM process is easy to follow, it is often the case that discrepancies between forecasts 
and actual demand are nominally explained by factors that are difficult to test, such as outdoor 
usage, or seasonal differences caused by climate variation. These are assumptions that are critical to 
the accuracy of forecasts, although difficult to validate. It was noted in discussions with businesses 
that practitioners are generally able to informally validate the initial specification with high-level 
sense checking and comparing average use estimates against historical data. 

Survey and sample data can also be used to test initial input assumptions, but it is often very difficult 
to test forward projections of appliance penetration or customer behaviour, and it is difficult to 
isolate the demand impact of individual end uses ex-post. It may also be difficult to understand 
whether individual assumptions or components of demand have been properly forecasted, despite 
generating accurate results. For example, some variables may have been underestimated, whereas 
others may have been similarly overestimated, leading to an accurate forecast result, but for the 
wrong reasons. 

Data is theoretically available that would permit a statistical test to be conducted of most of the 
assumptions that generally underpin EUM (e.g. testing an assumption of shower usage among 
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households could theoretically be run through specification of a Null and alternative hypothesis, and 
adherence to formal statistical testing procedure). However, given the scale of these models and the 
associated costs, assumptions are often made for a small sample of a water business’ customer base 
and extrapolated across the remaining customers.  

Our understanding is that stock surveys currently conducted by water businesses consider 
approximately 100 observations in general. Household audits consider closer to 1,000 observations. 
Allowing a 5% margin of error, and considering the discussion of representativeness in section 3.2.1, 
the former would typically not be considered to be a representative sample. 

4.3 Input requirements 

4.3.1 Costs  

It is relatively inexpensive to build and implement an EUM, as the key components are readily 
available to water businesses, allowing them to generate reasonable demand forecasts with easily-
attainable information: 

 Consumption data is readily extractable from business billing systems 

 Appliance stock, use and efficiency data can generally be obtained from publicly available 
sources – however, forecast quality can be affected by the representativeness of the data. 

When extending the data set beyond publicly available sources, such as with surveys and end use 
studies, collection costs can be significant. For example: 

 The three metropolitan water businesses all undertake stock surveys to support their EUM. 
These costs range from around $100,000 to $250,000 and are typically undertaken once every 
two to three years. Stock surveys are generally conducted by external consultants engaged by 
the water businesses. 

 Water businesses also undertake periodic Residential End Use Measurement Studies (REUMS). 
The last REUMS were conducted in 2010-11 by metropolitan businesses, costing approximately 
$1 million in total, or roughly $350,000 per business. 

Although a function of the size and complexity of the model, labour costs amount to approximately 
one FTE per year in general for businesses. Some businesses mentioned they engaged external 
consultants for ad-hoc modelling tasks, although the bulk of the work involved in EUM was 
conducted in-house.  

4.3.2 Data requirements 

Data required to construct an EUM (and where this data is commonly sourced) includes:6 

 Appliance stock, penetration, efficiency and usage patterns 

 Outdoor end use points, which may include swimming pools, garden use and others 

 Weather and climate conditions (where used) 

 Price elasticity of demand (where used). 

In practice, it may not be feasible for each business to collect detailed end use data, as the costs of 
doing so can be prohibitive, especially for businesses with limited resources or large customer bases. 
To mitigate these cost pressures, businesses typically make a number of assumptions about their 
customer bases, which exposes the methodology to potential weaknesses in the quality of the 

                                                
6 South East Water (2013), 2013 Price Review Demand Forecasts: Outcomes and Methodologies for South East 
Water 2013 Price Review Demand Forecasts, p11; Yarra Valley Water (2004), 2004 Residential End Use 
Measurement Study, p.17 
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inputs.
7
 Businesses may adapt end use information from other jurisdictions, or rely on publicly 

available data to inform their forecasts. For example, high-level appliance stock information can be 
obtained from the ABS, while forecast appliance uptake rates are available from the Water Supply 
Demand Strategy.8 

EUM can still often generate results despite gaps in the dataset. Due to the transparency of the 
methodology, it is relatively simple to incorporate additional complexity or functionality into the 
model, but this attracts a corresponding increase in required data. However, as noted above, 
publicly available data – although rarely as precise as desired – can often be used to supplement 
survey data and fill other data gaps. 

4.4 Understandability 

4.4.1 Complexity  

The complexity of EUM means specialist modellers must be employed to conduct the business’ 
demand modelling in-house. This complexity makes it difficult to train other staff members without a 
sound background in demand modelling, or a familiarity with the particular EUM used by the water 
business. This is not to say that the EUM methodology is difficult to comprehend in practice, but 
rather that the modelling exercise is of a scale that requires dedicated demand modelling resources. 

An EUM is relatively easy to update, as the steps in the modelling methodology are easily 
understood, and linkages between variables can be clearly observed. Although EUM generally does 
not require a more advanced software package than Microsoft Excel, it is considered relatively 
complex, due to a heavy reliance on highly granular data (which at times may test the functional 
constraints of Excel).  

It should be noted that there can be a spectrum of EUM complexity. That is, EUM can generate 
results with a relatively small amount of data, just as it can with a larger dataset covering a larger 
number of customer end uses, or at a greater level of granularity.  

4.4.2 Transparency  

EUM follows a clear, established and well-understood methodology, such as the aforementioned 
methodology developed by the ISF and later adjusted and updated by the CSIRO and NWC. 
Melbourne metropolitan water businesses have adopted this methodology, making adjustments as 
necessary. In theory, inputs and assumptions in EUM can also be easily documented.  

The links between inputs and outputs are theoretically clear in EUM; the impact on demand of each 
input and sequential step in the modelling process can be documented and adjusted as required. 

A well-constructed EUM, which is generally Excel-based, can be easily traced to reveal the steps 
taken in the modelling methodology. As such, the assumptions underpinning the model can also be 
identified and documented, and the links between low-level inputs (such as individual appliances) 
and the corresponding impacts on demand can be readily identified. 

However, in practice the transparency of EUM lessens as the model becomes more complex. The 
links between inputs and outputs become more difficult to observe as more variables are 
incorporated and the model grows. Adjustments to data and assumptions based on subjective 
judgements can also be difficult to trace. 

In addition, EUM often requires ad-hoc adjustments to inputs such as elasticity, which may not fall 
within the bounds of the generally-accepted EUM methodology, but better fit the individual 

                                                
7 Department of Planning and Community Development (2008), Review of energy and water end-use studies 
8
 City West Water, South East Water, Yarra Valley Water., (2005), Water Supply Demand Strategy for Melbourne 

2006-2055 
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characteristics of a given business’ customer base. The more adjustments of this nature that are 
involved in a particular EUM, the more difficult replication becomes for a third party.  

However, we note that regulators have generally accepted EUM as appropriate, and its wide 
application and use within the sector provides a strong background for businesses seeking to adopt 
or upgrade an EUM approach. 

4.5 Flexibility 

4.5.1 Ability to increase geographic and demographic segmentation 

In theory, it is relatively simple to increase the data segmentation of EUM. In practice, however, this 
would typically attract a significant cost.  

To increase demographic segmentation, a water business would attempt to obtain customer data at 
a greater level of granularity. That is, it might attempt to collect more detailed information about 
dwelling type or occupants. In practice, the additional data required to do this may be prohibitive to 
many businesses. Data available from the Australian Bureau of Statistics (ABS) and Victoria in Future 
(ViF) databases is often quite high-level, although metropolitan businesses currently do make use of 
this data, in the absence of a preferable substitute.  

In addition, EUM is typically not as compatible with non-residential demand as it is for residential 
demand, as non-residential end uses are more difficult to identify, and often differ markedly by 
customer.  

Increasing geographic segmentation is also difficult in practice, particularly for regional water 
businesses whose jurisdictions are relatively large and may not be adequately captured by available 
data. Currently, information is generally available at the Local Government Area (LGA) level, 
although many businesses would benefit from data at a greater level of granularity, such as at the 
town level. As for demographic segmentation, obtaining this data may also be prohibitively 
expensive. 

4.5.2 Ability to test alternative scenarios 

EUM is reasonably flexible with respect to scenario analysis around key variables already included in 
the modelling specification, such as customer numbers, changes in customer behaviour and 
appliance stock. However, given that climate is not directly used to forecast individual end uses, 
EUM is somewhat limited in its flexibility to test alternative climate scenarios. 

4.5.3 Flexibility in forecasting horizon 

A well-constructed EUM offers the flexibility to project demand across both short and long-term 
time horizons. As is the case for any methodology, however, the quality of these projections depends 
on the quality of the assumptions underpinning them. As such, EUM (like most methodologies) is 
likely to provide more accurate shorter-term forecasts than those made for the longer term.  

The ongoing validity of data obtained through stock surveys over time must also be considered. For 
example, if a stock survey is conducted every five years, it is possible that this data will become out-
dated before the next survey is conducted, leading to distortions in demand modelling projections 
made by EUM, which is heavily reliant on the inputs generated from stock surveys. 

The longer the forecasting horizon is, the more likely it becomes that structural changes in water 
consumption behaviour will occur. One of the strengths of EUM is its ability to explicitly recognise 
structural changes such as change in appliance stock efficiency and penetration. However, over long 
term horizons predicting how these factors may change over long time horizons will typically be 
difficult. 
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4.6 Additional considerations 

4.6.1 Transferability to other business uses 

As the steps in the EUM methodology can be clearly observed, information can be easily extracted 
from the model at any point in the modelling methodology. That is, each step in the process from 
the input of data through to the production of a final output is observable, and extractable for use 
elsewhere.  

In particular, survey data such as appliance stock information can be easily observed and extracted 
for use in other business applications. In addition, EUM clearly shows detailed customer usage 
information and the ways in which this influences total water demand. This allows a business to 
understand changing patterns of use. It is of relevance, for example, to the regional water businesses 
in Geelong, Colac and the Lower Hunter region in NSW discussed earlier, which can use customer 
usage information to better align themselves with Water Supply Demand Strategy requirements, or 
for water conservation purposes.  

Sewer flow forecasts can also be readily made using EUM, as EUM develops forecasts of toilet usage 
and other water uses that relate to bulk sewer flows. These inputs can be easily extracted for use in 
bulk sewer demand forecasting. 

EUM can also be particularly valuable in customer communications, for example, by providing 
information to customers about the relative contribution to their water use of shower, clothes 
washer, toilet etc.
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5 Time series regression analysis  
5.1 Overview 
As the name suggests, a time series is a sequence of data points collected over time. At its most basic 
form, time series analysis is based on the decomposition of this series into a trend, seasonal, cyclical 
and irregular component such that the known components of the series can be extrapolated into the 
future. Through the use of a well-established modelling framework, time series regression analysis 
involves estimating the irregular, trend and cyclical parts of the series.  

Regression analysis allows for the understanding of the relationship between the variable of interest 
– in the case of water demand, this would be consumption – and other variables which are expected 
a priori to be related to the variable of interest. The main output of regression analysis is estimates 
of the coefficients (parameters) of the model; these coefficients characterise the relationship 
between the dependent variable and an independent variable, holding all other variables constant. 
Therefore, regression analysis has a major advantage in that it allows one to do in non-experimental 
environments what natural scientists are able to do in a controlled laboratory setting: vary one of 
the key variables of interest while holding other factors fixed. 

Regression analysis may include estimating the properties of a single series or many interdependent 
series.  

Figure 5-1 Decomposition of a time series 

 

When developing a time series regression model, three basic questions are required: 

1. What is the dependent variable? 

2. What are the explanatory variables? 
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3. What is the functional form of the regression? 

5.1.1 Application to water demand 

The use of time series regression analysis in the field of water demand has primarily focused on the 
relationship between water consumption (both residential and non-residential) and a measure of 
price and other factors expected to influence water consumption, such as weather and household 
size. Where: 

 the dependent variable is generally total consumption or consumption per customer each 
period; 

 the explanatory variables include price (and non-market demand management tools such as 
water restrictions), weather, income and household size; and 

 The functional form can take on many forms, including both linear and non-linear. 

 Each of these is explained in more detail below. 

Dependent variable 

The dependent variable is the variable of interest – in the case of water demand forecasting this is 
water consumption: 

 total consumption – bulk water split into residential and non-residential (leakages are not 
modelled); or 

 Total consumption per customer to control for population growth. 

Explanatory variables 

The explanatory variables are those variables which are expected to determine water consumption. 
The coefficient of each explanatory variable represents the expected change in the dependent 
variable following a unit change in the corresponding explanatory variable, holding all other variables 
constant. The main variables expected to be related to water consumption are explained below. 

 Water price – As the price of water increases, consumers are expected to moderate water 
consumption. However, in most cases water demand is relatively inelastic as there are no 
substitutes for basic water uses such as drinking and showering. Water consumption has 
become even more inelastic recently – as consumers have moved towards the use of water 
saving devices and have become more water wise there is little scope to reduce demand in 
response to a price change. 

 Water restrictions – water restrictions are a non-price based demand management tool. Water 
restrictions are generally included in a time series regression as a series of dummy variables 
where months with a certain level of restrictions are given a one and all other months are given 
a zero. This raises or lowers the intercept (there is a parallel shift in the regression line by the 
amount of the estimated coefficient). 

 Income – the larger a consumer’s income, the less likely they are to be constrained in their 
consumption as a result of an increase in the price of water.  

 Household size – all else equal, more people in a household translates into more water 
consumption per customer as there are more people having showers, washing clothes, etc. Note 
that this variable can be very slow moving over a five year period and is unlikely to be significant 
in an aggregate regression; however, with geographic or demographic segmentation this 
becomes an important control variable. 

 Weather – weather has an important relationship with water consumption, particularly outside 
water use. On hot, dry days consumers are more likely to water their garden or top up their pool 
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than on cold, rainy days. Potential weather variables include temperature, rainfall or 
evaporation.  

 Housing characteristics – all else equal, consumers living in a unit or apartment are more likely 
to consume less water than consumers living in a house. Units are generally smaller than 
houses, with fewer bathrooms, and are less likely to have a garden and a pool. 

 Seasonal characteristics – the amount of daylight and the tendency for people to spend time 
outside (watering the garden or swimming in the pool) is highest in summer and lowest in 
winter. Correspondingly, all else equal, water consumption is expected to be higher in summer 
(even after controlling for the effect of weather). 

 Lagged consumption – lags of consumption are sometimes included as  explanatory variables to 
capture slow moving trends such as the adoption of water saving behaviour and appliances. In 
the presence of these trends it is reasonable to expect that consumption in the current period is 
related to consumption in the previous period.  

Model specification and functional form 

Water demand functions based on aggregate data (that is, total consumption across all consumers) 
represent an average, or typical, customer’s consumption response to the explanatory variables. It 
does not take into account the variance in consumption across customers. 

A time series regression equation for monthly water use of the average customer can be written as: 

                    

Where Qt represents water consumption per customer at period (month) t; 

             β1 and β2 represent the unknown slope coefficients (parameters); 

             X1t and X2t represent the explanatory variables (such as rainfall and price); and 

             εt represents the regression error. 

Ideally, a time series regression would be based on a sufficiently large sample; however, this is not 
always feasible. As an absolute minimum, the regression requires more data points than variables 
included in the model. 

The equation above is an example of a linear functional form. Linear equations impose the 
assumption that the expected change in the quantity demanded in response to a unit change in an 
explanatory variable is the same at every level of the explanatory variable. That is, water 
consumption increases, on average, by the same amount following an additional one millimetre 
(mm) of rain whether rainfall is at 10 mm or 100 mm. 

Non-linear relationships can be transformed into linear relationships in order to apply standard 
regression procedures. Many water demand models can be transformed so that the relationship 
between consumption and the explanatory variables is linear by taking the natural logarithm. If both 
the dependent and explanatory variables are subject to this transformation, the equation becomes a 
log-log (or double log) model. 

Coefficients in the log-log model, or the constant demand elasticity model, estimate the expected 
percentage change in water consumption resulting from a one percentage change in an explanatory 
variable, holding all other variables constant (the elasticity). 

There are many model specification tests available to ensure the correct functional form is selected 
to represent the data. Typical diagnostic statistics include: 

 Standard errors and t-statistics (and p-values which are a function of the two) on each 
coefficient in the regression, which represent the individual significance of the explanatory 
variables in the regression; 
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 F-statistic, which represents the joint significance of all of the explanatory variables in the 
regression;  

 R-squared, which describes the amount of variation in the dependent variable that can be 
explained by the explanatory variables (collectively); and 

 Ramsey RESET (Regression Equation Specification Error) test, which tests whether non-linear 
combinations of the explanatory variables help explain the dependent variable. 

ARIMA models 

ARIMA models, or autoregressive integrated moving average models, are time series models that 
have been used to develop forecast models of water demand. Such models make use of past 
variations in water consumption to project (or forecast) its future values. However, the use of ARIMA 
models in water demand has generally been limited to short term forecasts as this methodology is 
driven entirely by historical consumption and does not explicitly control for external factors such as 
weather. Over longer time periods, the trend in water consumption (as described by the lags of 
consumption) will not accurately capture the effects of changes in price, changes in consumption 
preferences or changes in weather patterns, for example. Consequently, regression equations which 
explicitly include such factors are preferred for longer forecasting periods. 

Construction of an ARIMA model requires the identification of the AR, I and MA components: 

 The first step is to determine whether the dependent variable (water consumption) is 
stationary. There are many tests for stationarity, including the KPSS test, the ADF test, the PP 
test or analysis of the correlogram. If the series is not stationary it needs to be first differenced 
(or differenced again to induce stationarity). If the series is stationary in levels, the I is zero and 
the model becomes an ARMA process.  

 Second, to determine the lag structure of the AR component of the model, the Partial 
Autocorrelation Function (PACF) is used (the Box Jenkins approach). The number of non-zero 
points in the PACF determines the lag length. 

 The same process is applied to the Autocorrelation Function (ACF) to determine the lag length of 
the MA component. 

Model selection is based on the principle of parsimony. Models that have a large number of lags do 
not tend to forecast well as they fit the specific characteristics of the data, including much of the 
noise. 

 

5.2 Forecasting quality 

5.2.1 Accuracy 

Accuracy can only be measured ex-post for time series regression analysis (as for every modelling 
methodology), as it involves comparing forecasts to actual results for a given period in time, and 
measuring any discrepancies.  

5.2.2 Robustness 

Critical assumptions 

 The use of aggregated data – that is, aggregated across households/customers – assumes that 
all individual households respond to the variables included in the regression in the same way. 
For example, if pool ownership is not explicitly included in the regression, the model assumes 
that customers with and without pools change their consumption patterns in the same way in 
response to weather. 
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 The choice of functional form is an important assumption in time series regression analysis. For 
example, assuming a linear relationship between two variables will result in serious errors if the 
true underlying relationship is exponential. There are many guiding principles and tests for 
selecting functional form, such as simple-to-general (begin with a simple model and then refine). 

 While regression analysis requires several basic assumptions – such as the error term is 
uncorrelated with the explanatory variables– the large body of research in the fields of statistics 
and econometrics ensures there are alternative methodologies available should the data violate 
one of these assumptions. A strong background in regression analysis may be required to 
understand the options available. 

 For example, Ordinary Least Squares (OLS) requires no correlation between the error term and 
any of the explanatory variables to ensure it is an unbiased and consistent estimator. However, 
if the price of water is a function of water demand (as is the case for two part pricing), this 
requirement is not met; price is endogenous. Instrumental variables

9
 – commonly through the 

use of two staged least squares – can be utilised in this situation to control for the endogeneity 
problem. 

Impact of violating assumptions 

An important feature of a regression is that its parameter estimates are ‘unbiased’ – there is an 
equal chance of underestimating the true value of a regression coefficient as overestimating it. 
Further, the larger the sample size, the closer the estimated parameter value will get to its true 
value. Violation of the main assumptions of time series regression will mean these two conditions do 
not hold.  

In particular: 

 serial correlation of the error terms will impact on the estimates of standard errors of the 
coefficients, potentially resulting in incorrect exclusion or inclusion of variables in the model; 

 heteroskedasticity – when the variance of the error process is not constant – also has an effect 
on the estimates of the standard error of the coefficients; however, this is more common in the 
analysis of a cross-section sample; 

 incorrect model specification, particularly omitted variables, can bias the estimated coefficients 
if the omitted variable is correlated with an explanatory variable. Note, as weather variables are 
not generally correlated with other potential variables it may be possible to evaluate the 
contribution of weather without including socioeconomic variables in the regression; and 

 multicollinearity – when two or more explanatory variables are highly correlated – limits the 
ability of the model to identify the separate contributions of these variables to water 
consumption. 

5.2.3 Reliability 

There are four aspects to the reliability of time series regression analysis. 

 The conditions under which time series regression analysis results in consistent and unbiased 
estimators (no serial correlation, heteroskedasticity or multicollinearity and correct model 
specification) can be tested, and if required, corrected for. 

 The functional form of the equation is a key assumption of time series regression analysis and 
this can be tested in advance through the use of a number of model specification tests (see 
discussion above). 

                                                
9
 An instrumental variable is a new variable (that is, it is not already included in the regression equation) which 

is uncorrelated with the error term, but is correlated with the endogenous variable. 
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 The assumption that all households respond to the explanatory variables in the regression in the 
same way (which is imposed by the use of aggregated data) cannot be tested. Without 
disaggregated data by individual customer it is not possible to determine whether the average 
consumption patterns across all customers is representative of a typical customer or whether 
the average is heavily skewed by outliers. 

 Input forecasts (particularly weather) can only be tested ex-post. To develop forecasts of water 
consumption using a time series regression model with exogenous explanatory variables, the 
modeller must first develop forecasts for the exogenous variables. The accuracy of the input 
forecasts can only be tested after the fact. One of the strengths of regression analysis is that 
discrepancies between forecasts and actual results can be specifically identified (ex-post). When 
reviewing discrepancies between forecasts and actual results, time series (like panel data) 
enables practitioners to readily identify which assumptions or projections are the source of the 
discrepancy, by re-testing the specification of the model and the significance of the explanatory 
variables.    

5.3 Input requirements 

5.3.1 Costs 

In comparison to the other methodologies presented in this report, time series regression analysis is 
relatively inexpensive to conduct and is easy to maintain once established. The most important 
requirement of this methodology is a reasonable consumption series, preferably monthly data over 
five years. While specialist skills and statistical software packages are required (such as Eviews and 
Stata), these are not very expensive to obtain and provide easy to understand user manuals. 

5.3.2 Data requirements 

The primary data requirement of time series regression analysis is historical consumption data which 
is collected as part of ongoing performance monitoring.  

As mentioned above, time series regression analysis requires a minimum number of data points to 
yield sensible results. Regression analysis is based on identifying relationships between the 
dependent variable and explanatory variables – do they increase at the same rate, have the same 
turning point, etc.? If the consumption series is not correct the regression will not capture the true 
relationship (or possibly any relationship). 

The extreme weather conditions experienced over the last decade have reduced the number of data 
points available for use in time series regression analysis as the drought caused a structural change 
in water consumption. 

5.4 Understandability 

5.4.1 Complexity 

Time series regression analysis benefits from being relatively easy to understand as it follows clear 
logic – with the impact on water consumption when there is a change in an explanatory variable 
readily traceable. This clarity ensures it is relatively simple to communicate the methodology and 
results. Further, communicating the fundamentals of time series analysis (trend, irregular and 
seasonal components) is relatively straightforward. 

5.4.2 Transparency 

Time series regression analysis is based on a well-established methodology that has many 
applications outside water demand. A basic understanding of statistics or econometrics is required, 
but, overall, time series regression analysis is highly transparent. In addition, there are numerous 
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resources available to water businesses to better understand time series regression analysis 
including textbooks (for beginners), bespoke software and courses (online, face-to-face, university 
qualifications). 

The methodology is relatively transparent as the processes involved in the methodology are easy to 
identify and the assumptions underpinning the model can be documented. Depending on the 
statistical program used, it is possible to save the exact model specification used to ensure future 
users can understand the processes involved. 

The regression coefficients provide a clear representation of the links between the model inputs and 
the model outputs. This ensures the model can be readily understood by a third party with a basic 
understanding of demand modelling. 

5.5 Flexibility 

5.5.1 Ability to increase geographic and demographic segmentation 

The forecasting quality of time series regression analysis improves with segmentation as the model 
specification can be tailored to each segment (geographic or demographic). Further, the more 
disaggregated the data, the better adept the model is at capturing the relationship between water 
consumption and the explanatory variables for each segment. In addition, increasing this 
segmentation may require the collection of equally-segmented explanatory variables, particularly 
weather. 

5.5.2 Flexibility in forecasting horizon 

The time series regression model is relatively flexible in its forecasting horizon in that the model can 
be adapted to include short and long term relationships. However, these relationships will be 
assumed to remain the same over the forecast period. For example, the relationship between price 
and water consumption will be assumed to be the same despite the fact that increasing use of water 
efficient devices will result in more inelastic demand over the longer term.  

The longer the forecasting horizon is, the more likely it becomes for structural changes that might 
affect water consumption behaviour to occur. These can be accommodated with the inclusion of 
specific variables (such as penetration or efficiency of appliances), however, the inclusion of such 
variables with a regression will not necessarily be as specifically targeted to appliance-related policy 
changes as can be accommodated within EUM or agent based modelling.  

5.5.3 Ability to test alternative scenarios 

In time series regression (as well as panel data analysis and ABM), it is relatively simple (and 
inexpensive) to isolate variables on which scenarios can be tested – particularly around key 
explanatory variables such as price and weather.  However, as time series models generally 
incorporate relatively few explanatory variables it will typically not be as flexible as panel data or 
agent based modelling methodologies in terms of scenario analysis. 

5.6 Additional benefits 
While there is limited scope to transfer the time series regression model to other business purposes, 
there is the potential to use the results from this model to inform inputs for the EUM or agent based 
model. 
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6 Panel data regression analysis  
6.1 Overview 
A panel is a data set that provides repeated observations (over different periods of time) for the 
same individual agents (e.g. households, businesses, jurisdictions, firms, countries, etc.) Panel data 
analysis exploits information provided by the sampling variability both across individuals and over 
time. Cross-sectional analysis utilises only the former and time series analysis the latter. 

Panel data analysis has several advantages. In particular, panel data provide more degrees of 
freedom and more sample variability than cross-sectional data or time series data alone. As such, 
more accurate inferences of the model parameters can be produced. 

Furthermore, panel data analysis at the household level enables heterogeneity to be controlled 
across individuals, where individuals are assumed to have different characteristics, and behave 
differently to each other. In this way, panel data analysis helps provide micro-foundations to 
statistical inferences. For example, panel data analysis permits the evaluation of the effectiveness of 
water efficiency programs. This is not possible with time series data because the aggregation masks 
all information provided by the sampling variability across individual households. It is also hard to 
measure the effectiveness of such programs with cross-sectional analysis because each household is 
observed at a single point in time and therefore a household is observed as either participating in 
the program or not.  

By contrast, analyses based on aggregate time series data invoke implicitly the “representative 
agent” assumption, which amounts to postulating that all individual households behave in the same 
manner. However, if individual households are heterogeneous, the time series properties of the 
aggregate data can be very different from those of disaggregated data. Furthermore, policy 
evaluation based on aggregate time series data may be grossly misleading (see Hsiao, Shen and 
Fujiki, 2005, and Pesaran, 2003).10 

For example, households with large gardens and swimming pools might be expected to be more 
sensitive to changes in weather conditions, compared to households in units. Aggregate time series 
analysis is likely to mask these differences. Panel data that contain repeated observations for a 
sample of individuals is ideal for investigating the ‘homogeneity’ versus ‘heterogeneity’ issue. 

In addition, panel data analysis allows omitted variables to be controlled for, that is, it alleviates the 
need to collect data that are too costly to obtain and variables that are practically impossible to 
measure. For example, data on garden size, as well as pool ownership and pool size, may not be 
available for individual households.  

These variables can be important in determining average water usage. Standard methods developed 
for panel data analysis allow one to control for time-invariant variables even if they are not 
observed. Other variables (such as household size) may change little over time, and panel data 
econometric methods may also control for the effect of these unobserved variables.  This is not 
possible to achieve with cross-sectional data alone. 

Panel data analysis reveals dynamic relationships and distinguishes between short term and long 
term changes in demand. This is important because human behaviour is intrinsically dynamic and 
consumers often do not respond immediately to changes in their environment. 

                                                
10

 Pesaran, H. (2003), ‘On Aggregation of Linear Dynamic Models: An Application to Life-Cycle Consumption 
Models Under Habit Formation’, Economic Modelling, 20, pp. 227-435. 
Hsiao, C., Shen, C. and Fujiki, H. (2005), 'Aggregate vs. Disaggregate Data Analysis - A Paradox in the Estimation 
of a Money Demand Function of Japan under the Low Interest Rate Policy', Journal of Applied Econometrics, 20, 
pp. 579-601. 
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For example, water use is strongly related to past use, due to consumption habits and the specific 
stock of durable goods in a house, such as showerheads, washing machines and toilets. Panel data 
analysis can be very effective in estimating the dynamics of such a process empirically, without 
imposing arbitrary assumptions. 

Sydney Water Corporation 

Sydney Water Corporation made use of panel data analysis in producing its 2011 price elasticity 
study as part of the company’s submission to the Productivity Commission’s recent public enquiry 
into the urban water sector. The panel data models developed from this study formed the basis for 
developing residential water use forecasts over a period of five years in view of Sydney Water’s 
submission to IPART 2012 price determination. The developed forecasts were approved by IPART, 
following a workshop that involved discussion among industry experts. 

The residential econometric models were based on a sample of around 130,000 individual houses, 
6,800 blocks of units and 21,000 townhouses from June 2004 to December 2010. This sample 
represented more than 10% of total residential properties. 

Models were estimated separately for different user groups of: 

1. owner occupied houses, no participation in a water efficiency program 

2. owner occupied houses, participation in a water efficiency program 

3. tenanted houses, no participation in a water efficiency program 

4. tenanted houses, participation in a water efficiency program 

5. townhouses, owner occupied 

6. townhouses, tenanted 

7. blocks of housing units. 

Owner occupied and tenanted houses were further disaggregated through clustering analysis, using 
property size as the basis for clustering. Clustering analysis allowed water usage for each clustered 
group of households to respond differently to changes in the explanatory variables.  For example, 
households that occupy a large property – and are likely to undertake more outdoor watering – are 
anticipated to be more sensitive to weather conditions and seasonal effects compared to households 
living on small blocks of land.  

Separate models for each cluster allowed this ‘heterogeneity’ in responses to be examined. 
Together, 65 econometric models were estimated from all the sampled households. 

Naturally, the above level of disaggregation among user groups proved to be beneficial for obtaining 
accurate forecasts, although such disaggregation is not necessary for the implementation of panel 
data analysis. 

The model specification was as follows: 
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Where, 

lncit denotes the natural logarithm of average daily consumption (ADC) of household i at 
time period t; 

priceit denotes the average water usage price calculated based on daily water use;  
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raindevit, and evapdevit denote the deviation from the average value of rainfall and 
evaporation; 

waterfixit, wmachineit and diyit denote participation in the WaterFix, washing machine 
rebate and DIY Kit water efficiency programs, respectively;  

L2Rit captured the time when Level 2 drought restrictions were in force; 

seasonit is a set of variables that captures the effect of the season. 

WWRseasonit is a set of variables that captures the effect of the move to Water Wise Rules 
(WWRs) by season. 

The regression error of the above model allows for unobserved household-specific effects that may 
be correlated with the explanatory variables, such as geographical location, garden size, pool size 
and household size. 

The functional form specified is known as the ‘log-linear’ form. This function appeared to fit the data 
well according to a formal statistical procedure that was implemented. The advantage of such 
functional form is that it allows consumers’ sensitivity to changes in price (i.e. the price elasticity of 
water demand) to vary according to the level of price itself; consumers are likely to be more 
sensitive to changes in price the higher the level of price is, which is consistent with economic 
theory. 

The estimation technique utilised was the Generalised Method of Moments (GMM). GMM is a 
common choice in econometric regression modelling when the explanatory variables are 
endogenous (i.e. correlated with the error term, uit). In the present context the lagged dependent 
variable (past water use) is endogenous by construction. The average water usage price is also 
endogenous in this application because its value depends on the level of water usage itself, since a 
two tier pricing structure had been in place during the period of the analysis. 

To compute the average outcome for each user group, individual outcomes were weighted by the 
number of households in each cluster.11  

6.2 Forecasting quality 

6.2.1 Accuracy 

Accuracy can only be measured ex-post for time series regression analysis (as for every modelling 
methodology), as it involves comparing forecasts to actual results for a given period in time, and 
measuring any discrepancies.  

6.2.2 Robustness 

Critical assumptions 

The choice of the functional form is an assumption that can have important implications for the 
estimation results and the actual forecasts. That is, different functional forms may yield substantially 
different results. Therefore, it is desirable in practice to specify a functional form that is: 

 Consistent with existing economic theory that is developed for the particular question 
investigated  

 Data-admissible, in that it does not result in models predicting values for the dependent variable 
that are unreasonable (e.g. forecasting negative values for water usage)  

                                                
11 Further explanation and justification on the parameters included in the econometric models and estimation 

technique is provided in Abrams, B., Kumaradevan, S., Sarafidis, V and Spaninks, F. (2012) An Econometric 

Assessment of Pricing Sydney’s Residential Water Use”, Economic Record, 88, 89-105. 
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 Data-coherent, that is, it is supported by the data.  

Standard methods for estimation of panel data models are consistent under arbitrary forms of serial 
correlation and heteroskedasticity in the residuals. Furthermore, correct inferences (hypothesis 
tests) can also be made in a straightforward manner under arbitrary forms of serial correlation and 
heteroskedasticity using a robust variance-covariance matrix of the residuals, which is available in 
modern econometric software like Stata and Eviews.   

Impact of violating assumptions 

Standard panel data models assume that, conditional on the explanatory variables such as weather 
and season, individual agents (i.e. households) are uncorrelated with one another. Possible existence 
of ‘herd’ behaviour and interdependent preferences among households may violate this assumption, 
potentially invalidating the properties of panel estimators (in terms of consistency and efficiency). 
However, this assumption is testable, as explained below. 

Furthermore, since panel data models provide more degrees of freedom and more sample variability 
than cross-sectional data or time series data alone, potential problems of multicollinearity (where 
two or more explanatory variables are correlated, leading to biased results) are alleviated. 

Panel data analysis may provide estimates of the model that are robust to certain forms of omitted 
variables which are unobserved and difficult to obtain. As an example consider the following model:  

                                               

where Qit denotes water usage for household i at time t, X1it and X2it are two observed explanatory 
variables such as price and weather, X3i captures (for example) garden size, which is typically not 
available, and X4t reflects, for example, general environmental awareness among people that varies 
over time in an arbitrary way and is naturally unobserved. Garden size is likely to be correlated with 
prices, as households with larger gardens are more likely to pay a high-tier price compared to 
households with small or no garden at all (e.g. units). It is possible to apply a transformation to the 
model above that eliminates both X3i and X4t and enables one to estimate the effect of the observed 
variables, X1it and X2it correctly. For instance, averaging the model above across individuals and over 
time separately, and subtracting yields 

      ̅   ̅            ̅    ̅             ̅    ̅          ̅   ̅    

Hence, β1 and β2 can be estimated consistently even if X3i and X4t are not observed. 

Even if the omitted variables do not have a specific structure (for example if they are time-invariant), 
the time series dimension of panel data implies that consistent estimates of the parameters can still 
be obtained. 

Similar to any type of forecasting procedure based on regression analysis, panel data analysis makes 
inferences about the future based on past and current information. As such, significant changes in 
consumption patterns (structural changes in behaviour) which are not embedded in the explanatory 
variables may hamper the ability of past data to predict accurately the future.  

Panel data analysis utilises information about the weather (by estimating the effect of weather on 
water usage using the data available) in order to predict future water demand. Since future weather 
conditions are unknown, these need to be forecasted as well. Large deviations in forecasts of 
weather conditions may lead to substantially different predictions.  

6.2.3 Reliability 

The choice of the functional form can be empirically determined from the data using Davidson and 
MacKinnon’s (1981) procedure for testing between non-nested hypotheses (the term “non-nested” 
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refers here to the idea that neither of the two functional form specifications arises by imposing a 
restriction on the other).

12
  

The assumption of cross-sectional independence across households can be tested using e.g. the 
methodology developed by Sarafidis, Yamagata and Robertson (2009).13 A recent overview of the 
econometric literature on panel data models with cross-sectional dependence is provided by 
Sarafidis and Wansbeek (2012).14 

Similarly to time series regression, under panel data methodologies assumptions about inputs (such 
as weather conditions), however, can only be examined ex-post. This is due to the fact that future 
weather is unknown and ultimately one needs to rely on weather forecasts. However, such forecasts 
are obviously subject to some error. Furthermore, it is not possible to obtain weather forecasts for 
periods in the distant future.  

Nevertheless, when reviewing discrepancies between forecasts and actual results, panel data (like 
time series) enables practitioners to readily identify which assumptions or projections are the source 
of the discrepancy, by re-testing the specification of the model and the significance of the 
explanatory variables.  

6.3 Input requirements 

6.3.1 Costs 

There are three key costs involved in panel data analysis – data requirements, statistical software, 
and training.  

Specialised econometric software is required to implement panel data estimation methods. 
Examples of such econometric software include Stata and Eviews, both of which generally cost at 
least $1,500 for a licence.15 In addition, in order to undertake in-house modelling using panel data, 
some knowledge of regression analysis is essential. The technical complexity of panel data analysis 
means businesses are unlikely to have sufficient internal capacity to implement, interpret and 
maintain the methodology. Therefore, we would expect that to fully integrate a panel data 
methodology into existing business practices and systems, a business would require at a minimum, 
one additional FTE and additional staff training. 

Specialised training courses on panel data analysis spanning over a few days offered by various 
research institutions. These courses typically cost less than $1,000.

16
 Finally, as with other methods, 

the total cost depends on the level of depth of the data collected to undertake the analysis.  

6.3.2 Data requirements 

Panel data analysis requires at least two repeated observations (over time) for the same individual 
agents. To achieve the highest degree of disaggregation it is desirable to obtain data at the 
household level. A sample of representative households can be collected based on stratifying the 
population (e.g. based on different regions, different types of consumers that include houses, blocks 
of units etc.) in order to allow for systematic differences between subpopulations. Data required to 
estimate a panel data model may include: 

                                                
12

 Davidson, R. and MacKinnon, J. (1981) Several Tests for Model Specification in the Presence of Alternative 
Hypotheses, Econometrica, 49, 781–93. 
13 Sarafidis, V., T. Yamagata and D. Robertson (2009). A Test of Cross Section Dependence for a Linear Dynamic 
Panel Data Model with Regressors, Journal of Econometrics, 148(2). 
14 Sarafidis, V. and T. Wansbeek (2012). Cross-sectional Dependence in Panel Data Analysis, Econometric 
Reviews, 31(5). An earlier draft version can be found at the following address: http://mpra.ub.uni-
muenchen.de/20815/ 
15

 See www.survey-design.com.au/prices.html and www.eviews.com/general/prices/prices.html  
16 See e.g. www.melbourneinstitute.com/hilda/news/news-2013.html  

http://mpra.ub.uni-muenchen.de/20815/
http://mpra.ub.uni-muenchen.de/20815/
http://www.survey-design.com.au/prices.html
http://www.eviews.com/general/prices/prices.html
http://www.melbourneinstitute.com/hilda/news/news-2013.html
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 water usage for each household 

 water prices 

 information on weather conditions such as average temperature, rainfall, evaporation 

 information about household participation to water efficiency programs (if applicable) 

Water usage per household is information that can be readily extracted from water business billing 
systems. Most billing systems will encapsulate adequate detail to enable simple panel data analysis, 
with a breakdown between standalone houses, units and flats typically sufficing. 

Information on property and garden size, pool ownership and size, and household size may add 
value to the analysis but are not essential, so long as these variables vary little over time. Data on 
household-specific income would also be desirable although the analysis is likely to be robust to the 
omission of income from the model, provided that average income over time is important in 
determining household-specific water demand. This is based on the argument that average income 
determines factors such as consumption patterns, garden size and pool ownership.  

6.4 Understandability 

6.4.1 Complexity 

There are two complications in constructing the dataset. Firstly, residential water meters are usually 
read four times a year on a rolling basis, with a meter reading cycle that depends on the size of the 
water utility. This means that the meter readings taken for all households for a particular meter 
reading period will measure consumption over different periods of time. Rolling water meter 
readings is common practice, especially in large cities. 

Therefore, in constructing household level data in terms of weather conditions, season and prices it 
is important to account for the differences in timing of individual meter reads. Second, weather 
conditions may vary across different regions particularly if these regions are large. For example, in 
Sydney there is generally more rainfall with cooler conditions on the coast compared to many inland 
areas. To obtain more precise estimates of the effect of weather it is often useful to align households 
to the closest possible weather station available.  

6.4.2 Transparency 

Panel data analysis is a well-established methodology in econometrics and statistics. It is relatively 
transparent as the underlying methodology employed is easy to identify and the assumptions 
underpinning the model can be documented. Modern software provides the ability to record all 
transformations, estimation commands and functions utilised in a file. Practitioners are able to save 
the exact model specification used to ensure future users can understand the processes involved and 
replicate the results. 

The estimated regression coefficients provide a clear representation of the links between the model 
inputs and the model outputs. This ensures the model can be readily understood by a third party 
with a basic understanding of demand modelling. 

6.5 Flexibility 

6.5.1 Ability to increase geographic and demographic segmentation 

Panel data analysis is ideal in providing for a high level of geographic segmentation and integrating 
information on space and geographical proximity in conjunction with geographical information 
systems (GIS). This is because the location of each household can be easily traced through the 
address used to post the water bills.  



Panel data regression analysis 

27 June 2013 © Copyright Smart Water Fund 2013 – Demand modelling alternatives Page 43 

  

Data on demographic features of the population (such as age, gender, and income) are relatively 
easy to incorporate in a panel data model, although they may be expensive to gather. 

6.5.2 Flexibility in forecasting horizon 

Panel data analysis can be used to provide estimates of the long run relationship between water 
demand and the factors determining it, as well as estimates of the short run dynamics of such 
relationship. Therefore, the methodology can naturally be used to forecast demand at different 
horizons.  

The longer the forecasting horizon is, the more likely it becomes for structural changes that might 
affect water consumption behaviour to occur. These can be accommodated with the inclusion of 
specific variables (such as penetration or efficiency of appliances), however, the inclusion of such 
variables with a regression will not necessarily be as specifically targeted to appliance-related policy 
changes as can be accommodated within EUM or agent based modelling.  

6.5.3 Ability to test alternative scenarios 

In panel data regression, it is relatively simple (and inexpensive) to isolate variables on which 
scenarios can be tested – particularly around key explanatory variables such as price and weather.  
Furthermore, given that panel data will typically be based on a detailed data set, it will be more 
flexible than a time series approach with respect to the variety of scenarios that can be considered. 

6.6 Additional benefits 

6.6.1 Transferability to other business uses 

The additional benefits of a panel data model will generally be determined by the underlying data 
set used to develop the model and forecasts, and existing information within the business. For 
example, where businesses hold detailed information on water efficiency programs or metering, a 
panel data regression can provide detailed insights about the impact on demand in relation to these 
programs. 
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7 Agent Based Modelling 
7.1 Overview 
Agent based modelling (ABM) is a computational approach to modelling systems comprised of 
autonomous, decision-making entities called agents. By simulating agents’ attributes and behaviours 
within a virtual environment, ABM aims to understand how agents’ individual interactions give rise 
to system-wide dynamics. While ABM is similar to EUM in that it is a bottom up approach to 
developing forecasts, it has a distinct ability to capture behavioural interactions between agents. 
ABM is particularly useful for understanding systems where the overall effects or dynamics may 
differ from the sum of the system’s parts. 

Given these characteristics, ABM is typically employed in situations where the interactions between 
agents are of critical importance to overall outcomes, or are of particular interest. Some examples 
include: 

 Financial markets – ABM has been used to understand how agent trading behaviour under 
information uncertainty and ‘group-think’ dynamics may give rise to price movements in 
financial markets 

 Contagion and epidemics – ABM is often used to explore both contagion and epidemics within 
social and health spheres.  

Social contagion may involve the spreading of ideas, attitudes and behaviours throughout social 
networks. When social contagion becomes very wide-spread, it is sometimes referred to as a 
‘social epidemic’. ABM has been employed to understand what gives rise to ‘fads’ and why some 
products ‘take-off’ and are rapidly adopted, whereas others may languish, despite a multi-
million dollar marketing campaign.  

Within health applications, ABM is used to examine how diseases may become epidemics as 
they spread through agents interacting in public spheres and within the household.  

 Urban development – ABM has been undertaken to model traffic flows, public transport 
networks and also to examine key drivers of urban sprawl and city growth. 

Within the context of water demand modelling, water consumers can be represented as 
autonomous agents at the individual or household level. These agents can make water consumption 
decisions based on the range of factors determined by the model parameters, which may include the 
following:17 18 

 Price (with possible differences in elasticity being specified by agent characteristics such as 
income, age, household composition etc.)  

 Weather and seasonal changes 

 Societal attitudes towards water consumption and conservation  

 Influence of social networks  

 Culture and demographics (age, gender, norms, values, habits, routines)  

 Availability and dissemination of information about water scarcity and water conserving 
technology  

                                                
17 House-Peters, L. A., Change, H. (2010). Urban water demand modelling: Review of concepts, methods, and 
organizing principles. Water Resources Research, 47 
18 Athanasiadis, I. N., A. K. Mentes, P. A. Mitkas, & Y. A. Mylopoulos. (2005), A hybrid agent-based model for 

estimating residential water demand, Simulation, 81, 175–187 
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 Garden and/or pool ownership 

 Government policies and water restrictions. 

Depending on the intended objective, ABM can also include supply-side agents, such as water 
utilities or regulators.19 Broadening the scope to include supply-side agents allows certain factors to 
be determined within the model, rather than feeding in values from outside the model. For example, 
temperature or rainfall variables may be programmed to impact the amount of water available to a 
water supply agent. At certain supply levels, the water supply agent may choose to either augment 
the supply (at a given cost) or engage in a water demand management policy, such as delivery of a 
number of water conservation pamphlets (at a given cost).  

The key strength of ABM within the context of water demand modelling is its ability to capture 
complex behavioural drivers of water consumption. In comparison to other methodologies, ABM is 
unique in its ability to model human decision-making, social interactions and agent learning.   

Additionally, ABM is able to simulate iterative (step-by-step) changes occurring within the system 
over time. This allows feedback dynamics and reinforcement effects to be captured and 
incorporated. For example, an agent’s attitude and actions to conserve water in one time period may 
influence another agent’s actions to conserve water in a following period, who in turn influences 
another and so on.  

ABM also differs slightly from other methodologies in its focus on ‘why’ and ‘how’, rather than 
‘what’. Regression analysis and the basic methodology (i.e. average use multiplied by customer 
numbers) tend to make future projections on the basis of ‘what’ went before and utilise past data to 
generate forecasts. However, these extrapolation methods can be limited if the system’s underlying 
structural dynamics change, such that past data and trends are no longer appropriate predictors of 
future outcomes.20   

In contrast, ABM generally focusses on ‘why’ and ‘how’ the agent interactions occurring at the 
micro-level give rise to emergent macro dynamics. While ABM still depends on past data and 
observed statistical trends to calibrate model parameters, the ability to understand system-wide 
dynamics from the bottom up can make it more amenable to characterising possible effects in 
systems undergoing structural change. Hence, within a water demand context, ABM may be 
potentially useful in understanding how droughts or water restrictions (and their removal) may 
change key characteristics of water consumption behaviour.  

The value of ABM, relative to other methodologies, is proportional to the importance businesses 
place on incorporating behavioural aspects such as social interactions or learning into water demand 
forecasts. Whilst research shows that these aspects are important, the benefits arising from 
incorporating this additional complexity into forecast models may not justify the significant costs.  21

 

7.1.1 Current application to water demand 

Central Highlands Water – Intelligent Software Development 

Central Highlands Water engaged Intelligent Software Development (ISD) to undertake ABM to 
forecast urban water demand for 40,000 individual households in Ballarat.22  

                                                
19 Fane et al, (2011). Integrated resource planning for urban water—resource papers, Waterlines report, 
University of Technology Sydney, National Water Commission, Canberra 
20 EUM also moves away from a reliance on past trends with the use of appliance uptake dynamics modelling in 
EUM, which makes a clear distinction between past appliance stocks and expected future uptake patterns 
21 Russell, S. &K. Fielding (2010) Water demand management research: A psychological perspective, Water 
Resources, 46 
22 Perugini, D., Perugini, M., Clarke, B. & Frdelja, J. (2011). . Groundbreaking new modelling of customer 
behaviour for predicting future demand.  Intelligent Software Development. Retrieved from: 
http://www.intelligentsoftware.com.au/images/stories/File/ISD-CHW-AWA_Water_Eff_Conf_2011-FINAL-
V110129-1118.pdf 

http://www.intelligentsoftware.com.au/images/stories/File/ISD-CHW-AWA_Water_Eff_Conf_2011-FINAL-V110129-1118.pdf
http://www.intelligentsoftware.com.au/images/stories/File/ISD-CHW-AWA_Water_Eff_Conf_2011-FINAL-V110129-1118.pdf
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ISD’s proprietary ABM platform SimulAIt is a scalable simulation platform that can be adapted for 
use in a range of applications. It consists of a dynamic multi-dimensional database that draws 
detailed demographic data from the Australian Bureau of Statistics and incorporates complex rules 
and agent decision making to generate population and behavioural dynamics.  

ISD adapted the SimulAIt platform to incorporate key attributes and behaviours of Ballarat 
households. The model used quantitative and qualitative data to define attributes of Ballarat 
household similar to those included in EUM, such as toilet, laundry, shower and outdoor usage 
characteristics (garden, pool etc.). Individual agents were given decision-making abilities, such that 
indoor and outdoor water usage responded to external factors like price, water restrictions and 
media communications.  

Simulations involve setting model parameters to initial values and then running the program 
iteratively over a series of computational time steps. These time steps correspond to real time 
periods in which agents carry out water consumption behaviours according to input data and the 
model’s prescribed rules. ISD validated the model by comparing the simulated output data over a 
given time period to actual data over the same period. For the 8-year period from July 2001 to June 
2009, which included a range of different water restrictions (Stage 1 to 4), the model was stated to 
achieve an average accuracy of 95.1%.  

To demonstrate model transferability, ISD also developed a simplified version for the Bendigo 
region. ISD stated that this model was able to achieve an average accuracy of 96%. In addition, ISD 
validated the model’s ability to predict bounce-back from the removal of water restrictions for the 
Ballarat region.  

ISD utilised their validated model to forecast Ballarat’s water demand over different climate and 
price scenarios for the years 2009-2018.  

Across the scenarios, the forecast model highlighted that severe historical water restrictions 
generated relatively long lasting behavioural change. As such, forecasts depicted minimal bounce-
back in water consumption from easing water restrictions. Forecasts also showed that water 
consumption was relatively inelastic to price increases due to persistent behavioural change limiting 
household opportunities to further reduce water consumption. 

Western Water/ESC – Intelligent Software Development 

The Essential Services Commission of Victoria recently engaged ISD to provide a forecast of Western 
Water’s residential water consumption using SimulAIt.

23
 ISD utilised a similar validation methodology 

for the period 2005 to 2012 and achieved simulation accuracy of above 90% for all years except 
2007-08 and 2008-09, during which water restrictions were particularly high.  

ISD used the validated model to forecast water consumption over the 2008-2023 period across three 
different ‘permanent behaviour maintenance’ scenarios, where: 

  Permanent behaviour maintenance refers to the degree to which consumers continue water 
conservation behaviours as certain influences ease (restrictions, drought conditions and 
associated communications).  

 Standard behavioural maintenance is modelled assuming that for every 18 months that a 
customer persists with a given behaviour, there is a 10% reduction in the effort to maintain that 
behaviour  

The forecast model suggested that due to behaviour maintenance, water consumption may decrease 
by approximately 12kL/household/annum over the forecast period. As expected, this reduction was 
shown to be greater if consumers exhibited higher levels of behaviour maintenance and vice versa. 

                                                
23

 Intelligent Software Development 2013, Western Water (WW) Forecast: Victorian Essential Services 
Commission, January. Available on the Commission’s website: www.esc.vic.gov.au 

http://www.esc.vic.gov.au/


Agent Based Modelling 

27 June 2013 © Copyright Smart Water Fund 2013 – Demand modelling alternatives Page 47 

  

Although these scenarios allowed the model to give an indication of sensitivity to different 
assumptions, it does not inform the selection of one over the other. 

Other key studies 

There are a number of other studies that have employed ABM to examine water demand. Some 
examples include: 

 Rixon & Burn (2002) developed two generic ABMs (not location specific) to examine the effects 
of social networks, technology adoption, water use behaviour and tariff structures on water 
conservation. They found that social networks had no effect on simulated water consumption 
under a fixed tariff structure, whereas under a variable tariff structure, social networks played 
an important role in reducing simulated water demand.24 

 Tsegaye and Vairavamoorthy (2009) created a generic ABM to simulate residential water 
demand and explore demand side water management strategies. The model included a water 
supplier, policy-maker and consumer agents who were able to communicate and interact with 
each other. This allowed the authors to examine the effect of social influence and information-
diffusion on reducing water residential demand.

25
 

 Athanasiadis, Mentes, Mitkas and Mylopoulos (2005) developed a hybrid agent based model 
named DAWN, which combines an agent-based consumer model with conventional econometric 
models to simulate the interaction between water supply and residential demand. The model 
was calibrated to reflect the characteristics of water consumers in Thessaloniki, Greece and used 
to evaluate five water-pricing scenarios and obtain quantitative estimations of future water 
requirements.26 

7.2 Forecasting quality 

7.2.1 Accuracy 

Accuracy can only be measured ex-post for time series regression analysis (as for every modelling 
methodology), as it involves comparing forecasts to actual results for a given period in time, and 
measuring any discrepancies.  

7.2.2 Robustness 

Critical assumptions 

ABM is similar to EUM in that the number of assumptions will vary based on the quality and extent 
of available data. While data are able to be used to determine key model inputs, such as 
demographics (population, income distribution, age etc.), price and weather, ABM usually requires 
assumptions to be made around the interactions occurring within the model. 

Interactions are generally one of two types: 

 ‘Agent-to-factor’ interactions, where agents respond to variables set outside the model, such as 
price or weather.27 For example, a modeller may assume that agents are more likely to increase 
their outdoor water usage when temperatures are higher. 

                                                
24

 Rixon, A. & Burn, S. (2004). Exploring water conservation behaviour through participatory agent based modelling. IFAC 
Workshop on Modelling and Control for Participatory Planning and Managing Water Systems, Milano.   
25

 Tsegaye, S. & Vairavamoorthy, K. (2009). Agent-based modelling to estimate residential water demand and to explore 
optimal demand side water management strategies. Retrieved from: 
http://www.switchtraining.eu/fileadmin/template/projects/switch_training/files/Resources/Tsegaye_2009_Agent-
Based_modelling_to_estimate_residential_water_demand.pdf 
26

 Athansiadis et al (2005) 
27

 As some models incorporate supply-side agents such as water utilities or regulators, price may be determined 
endogenously (within the model) as a result of the interactions between supply and demand factors 

http://www.switchtraining.eu/fileadmin/template/projects/switch_training/files/Resources/Tsegaye_2009_Agent-Based_modelling_to_estimate_residential_water_demand.pdf
http://www.switchtraining.eu/fileadmin/template/projects/switch_training/files/Resources/Tsegaye_2009_Agent-Based_modelling_to_estimate_residential_water_demand.pdf
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 ‘Agent-to-agent’ interactions, where one agent learns from or responds to another agent’s 
attributes or behaviour. For example, a modeller might assume that one agent adopting water 
efficient technology may make it more likely that another agent also adopts water efficient 
technology 

Impact of violating assumptions 

ABM is robust to a number of technical assumptions that may cause issues within econometric 
modelling.  

 Normality assumptions – as ABM is not strictly concerned with testing the significance of the 
marginal effect of key variables, its performance is not dependent on data being normally 
distributed.  

 Endogeneity bias – econometric methodologies can face issues when there is a causality loop 
between the dependent variable (such as water consumption) and explanatory variables (such 
as price). Since ABM is capable of incorporating feedback loops within the model, it is robust to 
these types of relationships.  

It should be noted that if model inputs are informed by econometric methodologies, ABM may 
no longer be robust to aspects relating to normality and endogeneity.  

ABM is unlikely to be robust to the following issues: 

 Omitted variable bias – omitting a key variable can limit the forecasting performance of ABM. 
This is particularly pertinent when values assigned to parameters are not informed by data, but 
instead deduced by tuning (or calibrating) values until the model generates simulated output 
that aligns closely with historical data. If an important variable is omitted, the variance that 
should be attributed to the missing variable will be attributed to other key parameters included 
in the model. When the model is then used to forecast future periods, it will be likely to 
systematically understate or overstate the effect of included variables and lead to inaccurate 
predictions. 

 Representative sample – often agent attributes and behaviours within ABM will be informed by 
observations on a sample of individuals. If this sample is not representative of the actual 
population being modelled, forecasting performance is likely to be limited. 

 Misspecification of initial parameter values – as ABM incorporates feedback effects and complex 
interactions between agents, small errors in the model specification or initial parameter values 
can be magnified to generate significant differences in output. Hence, it is important to 
undertake a thorough sensitivity analysis to understand how changes in key variables may 
propagate throughout the system and influence simulated outcomes. 

7.2.3 Reliability 

It can be difficult to test the assumptions employed in ABM for three key reasons.  

 Behavioural assumptions about social influence, social networks and responsiveness to other 
agents’ behaviours can be inherently difficult to test. While economic literature, psychological 
literature, market research and survey data may give some indication of how agents are likely to 
behave in response to a range of factors, it is generally difficult and impractical to obtain 
reliable, precise estimates and values may be based on subjective judgements. Where data is 
unavailable or there is uncertainty about key assumptions, parameter values may be ‘deduced’, 
by tuning (or calibrating) parameter values until the model simulates output that closely aligns 
with historical data. However, this methodology should be used with caution. While the model 
may seem to generate correct ‘answers’, in terms of realistic output data, it may be going about 
it the wrong way. For example, if there is uncertainty around price elasticity, assigning a value of 
-0.15 may give rise to simulated consumption data that closely resembles historical 
consumption data. However, it is impossible to know whether this implies that -0.15 is a realistic 
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estimate of price elasticity, or whether the model is capturing variance that may be attributable 
to a different variable that is either omitted from the model or miss-specified. 

 As ABM may involve a very large number of complex agent interactions, it can be difficult to 
identify the marginal effect, (or the effect attributable to a unit change) that any one variable 
has on water consumption. This is particularly pertinent when the model incorporates non-
linear dynamics or ‘tipping points’, such that a unit change in one variable (such as the number 
of water conservation pamphlets delivered to a jurisdiction), may, at some critical level, trigger a 
systemic shift in water consumption behaviour. 

 It is often the case that the overall system dynamics will be different to the sum of the system’s 
parts. This is both a strength and a weakness of ABM. It is a strength because ABM can be used 
to understand how relatively simple behaviour between individual agents can lead to complex 
phenomena at the broader, global scale. It is a weakness because it is difficult to test whether 
the assumptions about agent interactions and behaviour actually reflect an accurate depiction 
of reality.  

 While different applications of ABM will differ in complexity and detail, in general, a very large 
number of assumptions are required concerning agent characteristics and responses, the sheer 
volume of which can be difficult to test. 

However, the ABM environment can allow modellers to explore how assumptions around key drivers 
(such as price elasticity or weather) may impact model outputs. Within an ABM computational 
platform, it is possible to undertake thousands of simulations. Hence, it is possible (but 
computationally costly) to explore the model’s entire parameter space (or just relevant sections) by 
systematically running many simulations with different parameter values.  

For example, if there was uncertainty around price elasticity, but modellers knew it was negative and 
between 0 and -1, they could run simulations for all values between these bounds (perhaps in 0.01 
increments). This would allow modellers to understand how sensitive the model’s outputs are to key 
assumptions about specific parameters.  

Whilst there are a number of difficulties testing individual assumptions, assumptions are often 
tested collectively via a validation process. This involves comparing the model’s simulated output to 
actual data from historical periods. For example, before providing a forecast for Central Highlands 
Water and Western Water, ISD firstly assessed the model’s ability to simulate water demand in 
previous periods.  

Experienced practitioners can also informally validate assumptions about behavioural characterises 
and responses with high-level sense checking and comparing modelling results  against historical 
data to identify the sources of any anomalies. However, with large numbers of assumptions this may 
be difficult in practice. 

7.3 Input Requirements 

7.3.1 Costs 

Three methodologies are available to businesses seeking to undertake ABM for forecasting purposes. 
Businesses can: 

 Develop an entirely new model ‘from scratch’ in-house 

 Engage consultants to develop a new model that meets business’ requirements 

 Purchase an ‘off-the-shelf’ model and tailor it to suit business’ requirements 

Develop new model in-house 

Developing an entirely new ABM platform can be undertaken in-house. However, it involves 
significant up-front development costs, which include: 
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 Labour costs involved in model research, design and development 

 Costs associated with obtaining modelling capability. As a high level of programming ability is 
required, businesses may choose to up-skill staff or hire personnel with programming 
backgrounds 

 Costs involved in meeting data and computational requirements. 

Building a new ABM generally involves the following steps outlined in Table 7.1 below. 

Table 7-1 Steps involved in ABM 

Task Description 

Step 1: 

Research and planning to 
determine model’s objectives and 
scope. 

Decisions need to be made around: 

 Which agents to include? 

 What level of granularity? 

 How should the behaviours, rules and interactions be modelled? 

Step 2: 

Source programming platform and 
programming capabilities 

Generally ABM design and development requires programming capability 

within an object-oriented language such as Java, Python, or Netlogo28. 

Whilst software is usually free and available online, significant time may 

be involved in understanding how it works. 

Step 3: 

Data collection 

Depending on the decisions made in Step  1, considerable data may be 

required to ensure agent attributes, behaviours and environment are 

accurately represented 

Step 4:  

Build and ‘debug’ model 

Building the model involves writing the computational code that enables 

the program to run according to the design specification. ‘Debugging’ is a 

process associated with all software development whereby the code is 

closely tested and examined to remove any programming errors29 

Step 5: 

Calibration and validation 

Values are assigned to model parameters using data or assumptions. 

These values are validated and calibrated by comparing the model’s 

simulated output data with actual data.30  

Step 6: 

Forecast and/or scenario 
modelling 

Utilise model according to business requirements 

 

The technical complexity of ABM means businesses are unlikely to have sufficient internal capacity to 
implement, interpret and maintain the methodology. Therefore, we would expect that to fully 
integrate ABM into existing business practices and systems, a business would require at a minimum, 
one additional FTE and additional staff training. 

                                                
28

 Ibid.  
29

 As highlighted by Gilbert and Terna (1999, p21); “Debugging a program is always a difficult task and we can 

never be sure of producing completely error free code. The difficulty is worse in the context of agent based 

models, where the results of simulations can be unexpected and we cannot be sure whether they arise from 

features of the agents and their interaction, or from some hidden bug”. Hence, Gilbert and Terna (1999) point 

out that it is especially important to closely examine the code and apply the ABM to well understood and 

predictable situations (preferably where past data exists), before using them to explore more unknown 

territories or forecasting purposes.  
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Engage consultants to develop new model 

Rather than sourcing the capabilities to build a new model in-house, businesses may find it more 
cost effective to engage consultants to develop the initial ABM platform. The key draw back with 
out-sourcing the initial model development is that the business may need to re-engage consultants 
to make substantial changes to model assumptions or functionality.  

‘Off-the-shelf’ models 

If a business is able to tailor an existing ‘off-the-shelf’ model to suit their requirements, the ABM 
development costs can be significantly reduced. For example, ISD’s SimulAIt platform is a dynamic 
database that already incorporates considerable data and behavioural functionality. As was the case 
for Central Highlands Water and Western Water, additional data and assumptions can be 
incorporated to allow SimulAIt to characterise water consumers in businesses’ relevant jurisdictions.  

Key costs involved in adopting an ‘off-the-shelf’ model include: 

 Obtaining access to proprietary software and databases 

 Engaging consultants to adapt the model and/or data according to business requirements 

 Engaging consultants to assist with model simulations and interpreting results 

 Similarly to developing a new model, businesses may need to re-engage consultants to make 
updates to the model or forecast 

Furthermore, as the model was not built specifically for the business’ particular modelling objectives, 
the model may be limited in its flexibility to incorporate more bespoke or customised features.  

7.3.2 Data requirements 

Depending on the scope and granularity, the data requirement of agent based modelling can be 
substantial. To populate the model with realistic consumer agents, ABM generally requires 
economic, demographic and behavioural data to develop realistic consumer agents. Put in relative 
terms, the data requirements are at least extensive as that required for EUM, with the additional 
need to gather data to inform behavioural assumptions around agents’ interactions and 
responsiveness to external factors.  

Importantly, ABM is still viable when certain data is unavailable. Model parameters can be informed 
using economic theory or psychological literature. In addition, parameter values can be ‘deduced’ via 
tuning (or calibrating) parameters to give rise to simulated output that aligns with historical data. 
However, as mentioned above, this deduction method may create issues for forecasting 
performance if key variables have been omitted, or when the effects of water consumption drivers in 
the past periods are significantly different to future periods (due to droughts or water restrictions). 

Off-the-shelf ABM approaches may require substantially less data, with a few key inputs being 
sufficient to generate forecasts. 

7.4 Understandability 

7.4.1 Complexity 

As noted above, building a new ABM can be a costly and time consuming process.  The complexity 
associated with each of the outlined steps depends on the business’ objectives and scope of the 
model. In some cases, complex phenomena can be captured via relatively simple agent behaviours. 
In other cases, the business may be particularly interested in capturing the effect of finer grained 
behaviour on key variables. 
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Computational requirements may be an additional consideration, where businesses are seeking to 
develop a very complex model. Significant computing power may be required to process very 
complex models which incorporate large data sets and complicated agent behaviours. 

Where businesses choose to engage a consultant to develop the ABM platform, complexity faced by 
the business can be significantly reduced. Consultants can design the model with a user-friendly 
interface, allowing pre-determined model parameters to be easily updated and modified by relevant 
staff within the business. For instance, the user interface may have computational buttons or sliders 
to represent model variables or parameters, such as price or rainfall. A staff member can then easily 
make adjustments to see the effect of different prices or rainfall on overall water consumption. 

7.4.2 Transparency 

In comparison to other methodologies, ABM is a new methodology with limited precedent. 
Consequently, there are currently significant limitations around generally accepted modelling 
assumptions or standards and modelling platforms. However, as the ABM field matures and usage 
becomes more widespread, standard ABM practices and conventional assumptions are likely to be 
developed and adopted, improving transparency. 

In addition, given the complex agent interactions and numerous program functionality associated 
with ABM, understanding a model can be very time consuming and require specialist programming 
skills.  

Since ABM often incorporates a large number of parameters, complex agent interactions and 
program functionality, it can be difficult to specify and document the model and its assumptions 
clearly and succinctly. As such, ABM is often criticised for its lack of transparency and tendency to be 
a ‘black box’.31  

Efforts have been made to improve ABM transparency. For example, modellers often use diagrams 
to illustrate the basic model design and demonstrate the overall logic flow. They are also useful for 
understanding the links between inputs and outputs. An example of the DAWN hybrid ABM 
representation is shown in Figure 7-1 below.  

                                                
31

 Topping, C. J., Hoye, T. T., & Olesen, C.R. (2010). Opening the black box – development, testing and 
documentation of a mechanically rich agent-based model. Ecological Modelling, 221, 245-255 
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Figure 7-1 Representation of ‘DAWN’ hybrid ABM

 
Source: Athansiadis et al. (2005) 

Figure 7-2 shows a high-level representation of ISD’s SimulAIt platform, followed by a closer 
characterisation the link between influences’ and behavioural change.  

Figure 7-2 High-level representation of ISD’s ‘SimulAIt’ model 

 

 

Source: Pereguini et al 2005 

Despite considerable attempts to document model code and portray the overall structure, significant 
time and effort is often required to understand the mechanics and logic of ABM. In addition, while 
these representations provide a relatively clear picture of modelling logic, they provide little insight 
into the actual mechanisms and parameter values driving results. In general, ABM does not lend 
itself well to being readily understood by a third party.  
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7.5 Flexibility 
The computational programming environment within ABM affords significant flexibility to 
incorporate a range of different features and functionality. However, ABM’s technical flexibility 
needs to be weighed against practical feasibility, data limitations and computational constraints. 

7.5.1 Ability to increase demographic and geographic segmentation 

The capability of ABM to incorporate finer geographic and demographic segmentation is bounded 
only by data availability and, to a lesser extent, computational constraints. ABMs can readily include 
detailed demographic characteristics, such as age, income or household composition. Incorporating 
these features can be particularly beneficial where research shows that they are likely to influence 
agent behaviour.  

 ABM can also readily integrate spatial data and overlaying maps. Agents may be programmed to 
‘live’ on or inhabit certain locations on map layers incorporated into the model. ABMs have also 
been developed in conjunction with geographical information systems (GIS). A GIS stores spatial 
information and geographic data within a computer software package. It allows a user to manipulate 
the data and visualise spatial patterns and relationships. Generally GIS emphasise spatial 
relationships at the expense of temporal dimensions. However, combining ABM with GIS allows 
modellers to understand the influence of key variables over space and time

32
.  

For example, ABM was used to develop a forecast for South East Queensland’s electricity distributor, 
Energex. In addition to simulating key agents and Service Order Supply Chains, the model included 
key inputs from GIS such as geographical features and building approvals. It also was able to produce 
useful data visualisations such as that presented in Figure 7-3 below. 

Figure 7-3 Agent-based simulation for energy demand forecasting - Energex 

 

Source: Deloitte  

7.5.2 Ability to undertake scenario analysis 

ABM can be particularly useful for simulating different scenarios. When future circumstances or key 
model parameters (such as weather or technological improvement) are uncertain, ABMs can provide 
valuable insights into how these variables may influence future water consumption trajectories. For 
example, ISD’s ABM forecast for Western Water simulated three different ‘behavioural maintenance’ 
scenarios to understand the sensitivity of the forecast to behavioural assumptions. 

This ability can also be useful for understanding possible ‘tipping points’ within a system. Tipping 
points refer to thresholds beyond which variables within a given system change dramatically and 
possibly unpredictably in light of historical trends. For example, within a water demand context, 

                                                
32

 Brown, D. G., Riolo, R., Robinson, D. T., North, M. & Rand, W. (2005). Spatial process and data models: Toward 
integration of agent-based models and GIS. Journal of Geographic Systems, 7, 25-47 
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usage of water efficient appliances may initially spread slowly throughout a population. However, 
this initial diffusion rate is unlikely to remain constant. As more people buy water efficient 
appliances, recognise the benefits and interact with other people, water efficient appliances are 
likely to be adopted more rapidly. Since ABMs can capture agent interactions, they are particularly 
amenable to understanding these types of non-linear dynamics.33 

The capacity of ABM to integrate a high level of detail and simulate seemingly realistic scenarios can 
allow them to act as virtual laboratories or ‘toy worlds’ for experimental purposes.

 34
 These virtual 

experiments can generate important insights at a fraction of the cost of a real world experiment. 
However, it is important to keep in mind that ABM outputs are sensitive to key assumptions made 
about the modelled scenarios. It is often the case that these assumptions are based on subjective 
judgements and cannot be tested because the scenarios have not occurred in the past. 
Consequently, model results may not be particularly reliable. Hence, whilst ABM is useful to aid 
understanding of possible outcomes that may arise in particular scenarios, it is important to 
interpret ABM results in light of the limitations around assumptions, scope and data quality.  

7.5.3 Flexibility in forecasting horizon 

ABM can offer significant flexibility to forecast over different time periods. ISD used their ABM to 
develop a 10 year forecast for Central Highlands Water and a 15 year forecast for Western Water. 
However, as is the case with all modelling methodologies, model assumptions based on current 
knowledge and understandings become less valid and reliable as they are applied to future horizons. 
Hence, ABM is likely to generate more precise short term projections than those made over longer 
terms. 

Similarly to EUM, ABM can explicitly recognise structural changes such as change in appliance stock 
efficiency and penetration. However, over long term horizons predicting how these factors may 
change over long time horizons will typically be difficult. 

7.6 Additional benefits 

7.6.1 Transferability to other business uses 

ABM can generate a wide range of output in addition to water consumption. Given the significant 
inter-relationship between energy and water usage, businesses may find it advantageous to 
incorporate data on energy use and utilise the model to also forecast energy demand.  

Incorporating ABM with GIS to allow businesses to understand the influence of variables over space 
and time may also generate other benefits. For example, a model could be designed to include 
geographical, environmental or municipal map layers, such as those illustrated in Figure 7-4 below.  

 

                                                
33 Vespignani, A. (2011). Modelling dynamical processes in complex socio-technical systems. Nature Physics, 8, 
32-39 
34 Rixon, A., Moglia, M., & Burn, S. (2005). Bottom up methodologies to building agent-based models: Discussing 
the need for a platform. Proceedings of the Joint Conference on Multi-Agent Modelling for Environmental 
Management, Bourg-St-Maurice. 
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Figure 7-4 Examples of GIS data that could be incorporated in ABM 

 

Source: Burrough, P. A. & McDonnell, R. A. (1998). Principles of geographical information systems, Oxford 

University Press.  

 

This could allow the model to simulate how different climate or environmental scenarios may impact 
the development of water infrastructure (e.g. pipes or dams), which may in turn influence the 
location of future urban development. Admittedly, this type of model would be extremely complex 
and costly to develop. However, water businesses may be interested in collaborating with energy 
businesses or government planning agencies to build a model that serves multiple purposes. 
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8 Basic methodology 
8.1 Overview 
A widely employed technique for forecasting demand (defined as the ‘basic methodology’ for the 
purposes of this report) is to establish a base level of historic usage (often expressed, for residential 
customers in kL/customer or kL/population per year – although L/population/day is also applied in 
some jurisdictions), and then project demand going forward based on estimates of customer or 
population growth.  

Under the basic methodology, adjustments to forecasts determined in the above manner are often 
made based on a variety of factors considered to be contributors to demand, including: 

 Changes in demographic factors (such as penetration of water efficient appliances or rainwater 
tanks) 

 Corrections for weather or price impacts 

 Assumptions about the impact of restrictions or other policy initiatives 

 Assumptions or estimates of use by specific customers or groups (e.g. large, non-residential 
customers). 

The majority of businesses use a form of the basic methodology for forecasting non-residential 
demand, on the basis that:  

 Non-residential demand typically follows reasonably predictable trend over time, thus simple 
trend analysis is seen as appropriate 

 Non-residential demand is often highly sensitive to demand from a relatively small number of 
significant customers, and the basic methodology allows separate forecasts for different 
customers to be established and aggregated quickly and easily. 

8.2 Forecasting quality 

8.2.1 Accuracy 

Accuracy can only be measured ex-post for the basic methodology (as for every modelling 
methodology), as it involves comparing forecasts to actual results for a given period in time, and 
measuring any discrepancies.  

8.2.2 Robustness 

Critical assumptions 

The main assumption relied upon under the basic methodology is that past usage patterns and 
trends are an accurate reflection of future trends, and therefore can be relied upon to develop 
forecasts. 

This assumption is also generally required for other modelling methodologies, however, given that 
the basic methodology is less able to adopt corrective factors to the trends relied upon to develop 
the forecast (due to its relatively high-level nature), we consider that it is more reliant on this 
assumption than others.  

A business applying the basic methodology will also typically make adjustments to the basic demand 
forecast or trend based on range of assumptions concerning factors that are considered likely to 
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influence demand. These adjustments can be difficult to justify without sufficient data on the extent 
to which such factors have influenced demand in the past. 

With respect to input assumptions, to the extent that the basic methodology does not make 
adjustments for factors such as price elasticity, changes in demographic factors etc., it is implicitly 
assuming that either: 

 Changes in these factors have no impact on demand going forward, or 

 Going forward the impact of these factors on demand will be identical to the impact in the past. 

Impact of violating assumptions 

The robustness of the basic methodology to violation of the above assumptions is only able to be 
determined with certainty on an ex-post basis. However, in general we consider that the basic 
methodology will be highly sensitive to the above assumptions in terms of accuracy or validity. 

For example, forecasts developed under the basic methodology are likely to be inaccurate or 
invalidated if: 

 Past usage trends are no longer representative of future trends (due to a change in usage of 
water saving technology, for example), then forecasts are likely to be inaccurate 

 An assumption about a particular factor used to adjust the forecast is already accommodated in 
the underlying forecast 

 A factor not accounted for in the basic methodology (such as price elasticity) has a significant 
impact on demand. 

8.2.3 Reliability 

Forecasts of customer number growth, can generally be supported with publicly available data on 
population trends and forecasts (although we note this is common to all methodologies). 

In general, other assumptions around inputs used in the basic modelling methodology can only be 
tested ex-post. We, we note that while there may be data available concerning factors such as 
elasticity of demand, penetration of water efficient appliances etc., the applicability to the forecast 
at hand is not able to be tested with confidence. Furthermore, it will generally not be possible to test 
whether the adjustments being made to the underlying forecast to account for such factors are 
already  

8.3 Input requirements 

8.3.1 Costs and data requirements 

In comparison to the other methodologies presented in this report, the basic model is the least 
costly. The two most important data requirements – historical use and forecasts of customer growth 
– are readily available and specialist skills or training are generally not required.  

8.4 Understandability 

8.4.1 Complexity 

The basic methodology is the least complex of modelling methodologies considered in this report, 
with updates requiring minimal time and effort, the key factors being availability of input data. No 
specialist software packages will typically be required.  

If large numbers of adjustments are made to underlying forecasts, then there may be added 
complexity. 
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If non-residential demand relies substantially on specific forecasts for large individual customers, the 
water business may not be readily able to update forecasts without assistance or inputs from the 
customers, adding time and complexity to the update process.  

8.4.2 Transparency 

The basic methodology is fundamentally transparent, as the processes involved in the methodology 
are generally simple and easy to identify and the assumptions underpinning the model can be 
documented. As such, communicating both the modelling methodology and results will generally 
simple. 

However, where adjustments to the base forecast (which is typically the case), transparency will be 
reduced. This is a key draw-back for the basic methodology with respect to demonstrating regulatory 
compliance, as the methodology to making adjustments is necessarily subjective, and it will usually 
not be clear exactly how each adjusting factor has been determined, and whether or not the base 
forecast already accounted for the adjustment in some way.   

8.5 Flexibility 

8.5.1 Ability to increase geographic and demographic segmentation 

Subject to data availability, the forecasting quality of the basic methodology will improve with 
segmentation as it enables forecasts to be based on more detailed trend analysis for each segment 
(geographic or demographic).  

Data for segmentation at the consumption level should be readily available (particularly for 
geographic segmentation), although there may be some costs involved in data collection and 
management for detailed demographic segmentation. 

8.5.2 Flexibility in forecasting horizon 

Given the typically simplistic nature of the basic methodology, and limited number of factors taken 
into account in developing forecasts, the basic methodology may not perform as well as other 
methodologies over the longer term. 

To retain forecasting accuracy, the basic methodology effectively assumes all factors driving water 
demand continue on the same trends as shown in historical data remain the same and that demand 
and the drivers of demand move in unison with population or customer growth.  

It is also difficult for the basic methodology to deal with structural change, due to the few variables 
incorporated in the model. As it relies on historical demand trend, it implicitly assumes that forecasts 
will be absent from any ‘step’ changes that arise due to structural changes.  

8.5.3 Ability to test alternative scenarios 

It is generally difficult to test alternative scenarios using the basic methodology, as the methodology 
incorporates few variables, and it is difficult to apply scenario assumptions to these to generate 
meaningful and reasonable estimates of the likely impact on demand. Incorporating rainfall changes, 
for example, in the basic methodology would be challenging, as there is no variable in the basic 
methodology to which the rainfall impact could be applied. 

8.6 Additional benefits 
The basic modelling methodology generally does not provide additional benefits to the business 
(outside the demand forecast itself). However, depending on the methodology to non-residential 
water demand forecasting, such as when there is a strong focus on engagement with individual 
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customers and groups, there may be some additional benefits in developing a detailed 
understanding of large non-residential customer demand issues and engaging with customers. 
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9 Summary of findings 
9.1 Approach to scoring 
Each demand modelling methodology was scored in a summary matrix against each individual 
criterion, with a score of 1 representing the least ‘favourable’ outcome, and 5 the most ‘favourable’ 
outcome. For example, a score of 1 against the reliability criterion means the methodology is not 
considered reliable, while a score of 5 would correspond to a highly reliable methodology. 

This scoring system is ordinal. That is, it is the order of the ratings that matters, rather than the 
difference between the numbers used to score the methodologies. Figure 9-1 illustrates this for the 
‘cost’ criterion.  

Figure 9-1 Ordinal ranking scale 
 

 

 

The use of an ordinal scoring system has two key implications: 

 A methodology that scores 4 cannot be said to be twice as good as a methodology that scores 2. 
All that can be said is that it performs better than a methodology that scores 1, 2 or 3.  

 The scores against the individual criteria cannot be summed to arrive at an overall score for the 
modelling method. 

The ordinal methodology recognises that Victorian water businesses will have a range of different 
requirements with respect to demand modelling, with the assessment focussed on performance 
against the individual criteria, rather than attempting to provide an overall assessment of whether 
one methodology is unconditionally stronger than another. 

9.2 Comparing methodologies 
To compare the relative strengths of each methodology we have considered: 

 Performance against each criteria and the general categories of the assessment criteria 

 The needs of the Victorian water industry as identified in our consultations.  

In a regulatory price determination setting, forecasting quality is paramount – inaccurate forecasts 
can be extremely costly for businesses, particularly where price cap controls are in place. This 
suggests the use of panel data regression, ABM or time series regression (although we note that 
EUM has also typically been assessed by regulators as an appropriate methodology). These 
methodologies are also likely to be most effective for planning operating and capital expenditure 
requirements – although in this case, flexibility (in particular, the ability to segment results by 
customer group and geography) becomes paramount. 

It should also be noted that individual businesses may find that different methodologies result in 
different levels of forecasting quality, depending on their own particular circumstances such as 
climate variability and customer and use profile. It is not possible to tell with certainty which 
methodology will produce the most accurate forecasts for an individual business without statistically 
testing the accuracy of outputs of alternative methodologies using the data of that business. 
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Applications of demand forecasting methodologies by businesses outside the regulatory process may 
be suited to alternative methodologies: 

 Time series regression and the basic methodology are likely to be adequate for simple internal 
forecasting requirements, when the needs of the businesses are relatively broad and detailed 
results are not required (e.g. an annual demand forecast going into the budget or corporate 
plan). Simplified versions of ABM and EUM could also deliver the required results in terms of 
obtaining simple outputs at a relatively low cost, although simplification tends to reduce 
forecast quality for these approaches 

 Depending on specification of the actual model applied, EUM and ABM will typically provide 
broader benefits to the business as a whole than other methodologies, in particular, by 
explicitly recognising individual demands from alternative appliances. This can support: 

 Development of conservation strategies and marketing efforts 

 Translation of results to sewer flow modelling 

 The basic methodology remains the most commonly applied methodology for non-residential 
forecasting. Depending on the nature of non-residential demand, we consider that a time-series 
methodology applying to economic and industry-related explanatory would be likely to produce 
a higher quality forecast with relatively low additional cost. 

 When considering requirements to make forecasts over longer time horizons, there is little 
separating any of the modelling methodologies. Generally, the longer the forecasting horizon, 
the less likely a demand forecast is to be accurate. In our view, the key determinant of ability to 
forecast over long time horizons will be the initial quality of the forecast and the ability to test 
key assumptions – however, testing the validity of assumptions becomes increasingly difficult as 
forecasting horizon increases.  

9.2.1 Implementation and transition costs 

In our view, forecasting quality is the most important characteristic for all applications of demand 
forecasting, however, we also recognise that achieving high levels of forecasting quality may come 
with costs. A business’s assessment of costs and input requirements will vary depending on a range 
of factors, such as: 

 Size and available resources – larger businesses with specialised staff will be better equipped to 
bear higher overall costs and also face lower incremental costs in transitioning to alternative 
approaches that require specialist demand modelling skills  

 Customer and demand profile – businesses with relatively stable customer and demand profile 
may determine that forecasting quality is only incrementally improved under more sophisticated 
modelling approaches, and as such, may be less willing to incur additional costs 

 Purpose of modelling – costs of inaccurate forecasts price determinations may be substantial 
(running into the millions), justifying a relatively high level of outlay on. However, if the 
modelling purpose is long-term forecasting, or to inform communications with customers, the 
costs associated with inaccurate forecasts may be relatively minor (or, to put it another way, the 
marginal benefits of increasing forecasting quality may not outweigh the marginal costs 
associated with adopting a more complex and costly modelling methodology. 

Costs are compared for generic applications of each methodology, where the business maintains 
substantive control over the modelling process, and data collection requirements are consistent with 
optimal forecasting accuracy for that methodology. In some cases, there will be alternative 
applications of the methodology that involve significantly less costly to implement and maintain, in 
particular: 

 EUM is assessed as being on par with ABM and panel data approaches, largely on the basis of 
data collection and labour costs. Where input data and assumptions are obtained from public 
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sources (such as ABS releases and other studies), the costs of EUM will be significantly less – 
however, forecasting quality would be expected to fall 

 The high costs of ABM also relate to data and labour. However, if businesses are willing to 
implement the approach as a largely outsourced process, then these costs could be significantly 
lower – however, this would reduce the understandability, flexibility and additional benefits that 
come from an in-house modelling process.  

When considering the adoption of an alternative modelling methodology, costs will vary depending 
on the specific application, but in general:  

 EUM has relatively low start-up costs, but ongoing costs are high, due to sampling requirements 
for updating end use data 

 Start-up costs for panel data regression are relatively high, but ongoing costs are low, as ongoing 
data collection requirements are consistent with typical business practices 

 Costs of ABM will vary depending on the application – an in-house approach could have both 
high start-up and ongoing costs, while outsourced approaches could be relatively low cost 

 Time series regression is expected have low start-up and ongoing costs. 

EUM, ABM and panel data regression are all likely to impose similar ongoing labour costs, requiring 
at least some specialist modelling expertise. 

9.3 Detailed findings 
Our findings are explained in detail in Table 9-1 below. 
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Table 9-1 Assessment matrix 

 End Use Modelling Time series regression Panel data regression  Agent Based Modelling Basic methodology 

Forecasting quality      

Accuracy Score: N/A Score: N/A Score: N/A Score: N/A Score: N/A 

Robustness  Relies critically on 

representative nature of end 
use and stock sampling 

 Also requires alignment 

between stock and end use data 

and historical demand data 
used for disaggregation  

 Relies on assumption that 

adjustments (e.g. elasticity) are 

not already accounted for in 
end use assumptions 

Score: 2 

 Key assumptions include no 

correlation of error term or 
endogeneity (e.g., a causality 

loop between prices and 

demand), normally distributed 
data and appropriateness of 

functional form 

 In practice, correlation of the 

error term is most serious 
challenge to robustness, and 

can lead to biased results and 

incorrect inclusion/exclusion of 
variables.  

Score: 3 

 Key assumptions similar to time 

series, although typically more 
robust to correlation of errors 

than time series methodologies 

 Also robust to certain forms of 

omitted variables which are 
unobserved and difficult to 

obtain – e.g. those that are 

likely to be time-invariant (e.g. 
pool size, customer behaviour)  

Score: 4 

 Not constrained by assumptions 

about data being normally 
distributed or endogeneity (e.g. 

causality loop between prices 

and demand)  

 Typically reliant on behavioural 
assumptions and interactions 

between agents  

Score: 4 

 Highly reliant on assumption 

that past trends reflect future 
outcomes (more so than 

methodologies with more 

detailed specification) 

Score: 1 
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 End Use Modelling Time series regression Panel data regression  Agent Based Modelling Basic methodology 

Reliability  Difficult to test reliability, given 

the costs associated with 
including a representative 

sample in appliance stock and 

end use surveys 

 Current stock surveys consider 
approximately 100 separate 

observations in general. 
Household audits typically 

consider closer to 1000 

observations. Allowing a 5% 
margin of error, the former is 

not considered a representative 

sample, whereas the latter is 

 Can be challenges in identifying 
the links between inputs and 

outputs (e.g.  Difficult to isolate 

reason(s) for discrepancies 
between forecast and actual 

demand) 

Score: 2 

 Functional form can be tested in 

advance (key methodological 
assumption) 

 Aggregation effects cannot be 

tested (unsure if average across 
all customers is representative 

of a typical customer), although 

in practice the impact of 
aggregation will not significantly 

affect accuracy 

Score: 3 

 Functional form can be tested in 

advance, as can correlation 
between agents 

 If the number of time series 

observations is small, some 
form of ‘aggregation’ is typically 

necessary by assuming that 

households with similar 
characteristics (e.g. large 

properties) react to changes in 

their environment in a similar 
manner. However, this 

assumption is testable under a 

panel data methodology 

 Input forecasts (particularly 
weather, which is critical) can 

only be tested ex-post 

Score: 4 

 Validation processes allow 

overall forecast to be tested 
against past results but typically 

difficult to test detailed 

assumptions about agent 
behaviour 

 Large numbers of assumptions 

means testing can be difficult 

 However, ABM can be used as 
an exploratory tool to 

understand impacts of key 

drivers and parameters 

 Can be challenges in identifying 
the links between inputs and 

outputs. It can be difficult to 

isolate reason(s) for 
discrepancies between forecast 

and actual demand, especially 

due to the numerous 
interactions occurring between 

agents 

Score: 2 

 Assumptions about customer 

growth trend able to be tested 
against public sources 

 Assumptions about average use 

trends can only be tested ex-
post 

 Difficult to test which 
assumptions failed (where 

model broke down in the case 
of inaccurate forecasts, or what 

is driving accuracy of an 

accurate forecast)  

Score: 1 

 

Input requirements      

Cost  Inexpensive to build 

 High data collection costs (e.g. 

stock surveys) 

 Relatively labour intensive to 
maintain 

Score: 2 

 Inexpensive to conduct 

 Requires readily available 

consumption data and weather 
variables 

 Specialist labour and programs 
required to undertake 

modelling, although once 
established, relatively easy to 

maintain 

Score: 4 

 Relatively costly in terms of 

labour and specialist skills to 
develop – initially some external 

assistance might be required to 

develop in-house panel data 
models  

 It typically requires a specialist 
program (although relatively 

low cost) 

Score: 2 

 Likely to be prohibitively costly 

to develop a bespoke 
methodology in-house. 

 Can be expensive to engage 
consultants to develop, and 

may also involve purchasing the 
rights to proprietary software 

 High data collection costs for 
initial establishment 

Score: 2 

 Inexpensive to build 

 Can be conducted in-house 

 Very low data collection costs 

(based on pre-existing data) 

Score: 5 
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 End Use Modelling Time series regression Panel data regression  Agent Based Modelling Basic methodology 

Data requirements  Significant data requirement 

(alternatively, where key 
assumptions are derived from 

alternative sources, forecasting 

quality will be affected) 

 Can still generate results 
despite data gaps 

 Simple to incorporate additional 

complexity/functionality 

Score: 2 

 Typically requires data on only a 

few key variables 

 Requires minimum number of 
data points (length of series). 

Some risks that methodology 
will not yield meaningful results 

if data is not sufficient, although 

in practice this risk is small 

 Simple to incorporate additional 
complexity/functionality 

Score: 4 

 Requires a sufficiently 

representative sample from the 
population 

 Will typically require alignment 

of the explanatory variables 
over time to account for the 

fact that meters are read on a 

rolling basis rather than a 
common day 

 Most data are likely to be 
already held by business 

Score: 2 

 Significant data requirement to 

build initial database, however, 
once developed, will typically 

require only a few key variables 

to inform forecasts 
(alternatively, where agent 

characteristics are inducted, 

forecast quality will be affected) 

 Simple to incorporate additional 
complexity/functionality 

 Can still generate results 

despite data gaps 

Score: 3 

 Minimal data requirements 

Score: 5 

 

Understandability      

Complexity  Easy to update 

 Clear logic 

 Complexity often increases as 

models are adapted to  specific 
business requirements 

 Specialist modellers required  

Score: 3 

 Easy to update 

 Clear logic (e.g. what happens 

to water demand when variable 
‘x’ changes?) 

 Specialist modellers required 

 Relatively simple to 
communicate methodology and 

results 

Score: 4 

 Relatively easy to update 

 Clear logic (e.g. what happens 

to water demand when variable 
‘x’ changes?) 

 Specialist modellers required 

 Can be relatively difficult to 
communicate the estimation 

methodology, depending on the 
level of sophistication, but easy 

to communicate the results 

Score: 2  

 Significant data complexity 

 Specialist modellers required  

 If well designed with a clear 

user interface, can be easy to 
update  

Score: 2 

 Simple methodology able to be 

implemented quickly without 
specialist skills 

Score: 5 
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 End Use Modelling Time series regression Panel data regression  Agent Based Modelling Basic methodology 

Transparency  Based on a well-established 

methodology 

 Steps in modelling methodology 
are easy to identify 

 Assumptions underpinning the 

model can be documented 

 However, in practice, 
complexity and ad-hoc 

amendments may diminish 

transparency 

Score: 3  

 Based on a well-established 

methodology that has many 
applications outside water 

demand 

 Steps in modelling methodology 
are easy to identify 

 Assumptions underpinning the 
model can be documented and 

links between inputs and 
outputs are clear (regression 

coefficients) 

 Score: 5 

 Based on a well-established 

methodology that has many 
applications outside water 

demand  

 Steps in modelling methodology 
can be identified, but may be 

relatively complex, requiring 

specialist skills 

 Assumptions underpinning the 
model can be documented and  

links between inputs and 

outputs are clear (regression 
coefficients) 

Score: 4 

 ABM is a new methodology with 

limited precedent. The current 
limitations around generally 

accepted modelling practices 

and assumptions can diminish 
transparency 

 Steps in modelling methodology 

can be difficult to identify 

 Assumptions underpinning the 
model can be documented, 

although are typically very 

numerous and complex 

Score: 1 

 Steps in modelling methodology 

easy to identify 

 Assumptions underpinning the 
model can be documented, 

however, where amendments 
are made to forecasts to 

account for additional factors 

(which is often the case) 
transparency is affected 

 The links between inputs and 
outputs may not be clear, given 

limited explanatory power 

Score: 3 

Flexibility      

Ability to increase 
geographic and/or 
demographic 

segmentation 

 Relatively simple to increase 
geographic segmentation, 

however, heavily reliant on 

either assumptions or 
significant additional data 

collection (and therefore may 

be costly) 

 Existing data sets likely to 
enable detailed demographic 

breakdown, however, may be 

challenges in obtaining 
appropriate sample sizes to 

maintain forecast quality 

Score: 2 

 Easy to replicate model for 
different geographic and 

demographic segments, subject 

to data availability 

Score: 3 

 Key strength of methodology – 
allows significant segmentation 

and forecast quality increases 

with detail 

 Easy to replicate model for 
different geographic and 

demographic segments, subject 

to data availability 

Score: 4 

 Typically highly flexible in 
relation to geographic 

segmentation and 

demographic, although heavily 
reliant on detailed data and/or 

assumptions to do so.  

Score: 4 

 Segmentation is simple, and 
data for segmentation should 

be readily available. 

Score: 4 
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 End Use Modelling Time series regression Panel data regression  Agent Based Modelling Basic methodology 

Ability to test 
alternative forecast 
scenarios 

 Can readily test model inputs 

relating to specific end uses in 
various scenarios 

 Relatively difficult to isolate and 

run scenarios on key variable of 
interest such as price, weather 

and restrictions. 

Score: 3 

 Variables of interest can be 

isolated with relative ease to 
enable scenario testing. 

Score: 4 

 Variables of interest can be 

isolated with relative ease to 
enable scenario testing. 

Score: 4 

 Variables of interest can be 

isolated with relative ease to 
enable scenario testing 

 Typically large numbers of 

assumptions enables wide 
analysis 

Score: 5 

 Specific variables required to be 

tested may not be included in 
the model, or be very difficult to 

isolate 

Score: 1 

Flexibility in forecasting 
horizon 

 Given heavy reliance on 
customer behaviour 

assumptions (required to be 

updated every few years), 
forecasting power diminishes 

for longer (i.e. > 5-10 year) 

periods as customer behaviour 
changes 

 Can adapt to structural changes, 
however these may be difficult 

to forecast 

Score: 3 

 

 Assumes relationship between 
consumption and explanatory 

variables holds over forecast 

period. 

 Model can be adapted to 
include short and long term 

relationships 

Score: 3 

 

 Assumes relationship between 
consumption and explanatory 

variables holds over forecast 

period. 

 Model can be adapted to 
include short and long term 

relationships 

Score: 3  

 Flexible to forecast over 
different time periods. 

However, likely to generate 

more precise short term 
projections than those made 

over the long term – feedback 

loops within models can lead to 
amplification of errors in 

specification 

 Can adapt to structural changes, 

however these may be difficult 
to forecast 

Score: 3 

 

 Given the broad nature of the 
model specification, and lack of 

insights about drivers of 

demand, has less flexibility to 
adapt to changes in 

determinants of demand over 

time (for example, changes in 
customer behaviour due to 

updates in appliance stock) 

Score: 2 
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 End Use Modelling Time series regression Panel data regression  Agent Based Modelling Basic methodology 

Additional benefits      

Transferability to other 
business uses 

 Provides accessible information 

on customer usage profiles, 

which could inform other 

business activities 

 Generates a rich data set from 
appliance stock surveys, which 

could inform other business 
activities 

Score: 5 

 

 Limited scope to transfer to 

other business purposes. 

 Can be used to inform inputs for 

EUM or ABM 

Score: 2 

 

 Provides accessible information 

on customer usage, which could 

inform other business activities 

 Potentially detailed information 
about key determinants of 

demand, e.g. price elasticities 

Score: 3 

 

 Likely to generate a rich data 

set on customer behaviour and 

usage profiles 

 Can be programmed to 
generate a wide range of 

output, which could be useful 

for other business activities. E.g. 
has been used to determine 

links between energy use and 

water use, can also be used to 
model information diffusion 

rates 

Score: 5 

 Very limited scope to transfer to 

other business purposes 

Score: 1 
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10 Limitation of our work 
General use restriction 
This report is prepared solely for the internal use of the Smart Water Fund. This report is not 
intended to and should not be used or relied upon by anyone else and we accept no duty of care to 
any other person or entity. The report has been prepared for the purpose set out in our contract 
dated 4 April 2013. You should not refer to or use our name or the advice for any other purpose. 
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Appendix A Forecast accuracy 
Specific applications of a forecasting methodology can be assessed for accuracy against past 
outcomes using various performance measures. Essentially, the approach to assessing accuracy 
involves testing the difference between forecasts made in the past (or ‘blind’ forecasts) against 
actual outcomes. 

Each performance measure begins by evaluating the forecast errors for each time period t given by: 

          
 
Where: 

yt is the actual observation on the variable we are trying to forecast  

ft is the forecast value itself. 

There are, broadly, four different performance measures, which can be described as follows:  
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 Mean Square Error (MSE) averages the squared forecast errors: it attaches greater weight to 
larger deviations (which could result from outliers) 

 Mean Absolute Per cent Error (MAPE) averages the absolute percent forecast errors: it attaches 
less overall weight to a large deviation if the time series value is large 

 Mean Absolute Deviation (MAD) averages the absolute forecast errors: it attaches less weight to 
larger deviations: in this sense it is robust to outliers 

 Largest Absolute Deviation (LAD) is the largest absolute deviation: it looks essentially at whether 
all deviations fall below some threshold value. 

More information on these concepts can be found in econometrics and business forecasting journals 
and textbooks, such as: 

Box, G.E.P., and G.M. Jenkins (1970) Time Series Analysis, Forecasting, and Control. Holden-Day  

Brockwell, P.J., and R.A. Davis (1991) Time Series: Theory and Methods. 2nd edition, Springer-Verlag.  

Clements, M., and Hendry, D.F.(1998) Forecasting economic time series. Cambridge University Press.  

Diebold, F.X., and Mariano, R.S. (1995) ‘Comparing Predictive Accuracy’ Journal of Business and 
Economic Statistics 13, 253—263.  

Gardner, E.S.Jr., and McKenzie, E.(1985) ‘Forecasting trends in time series’ Management Science 31, 
1237—1246. 

Granger, C.W.J.(1989) Forecasting in Business and Economics. Academic Press. 

Pindyck, R.S. and Rubinfeld, D.L. (1991).Econometric Models and Economic Forecasts. 3rd edition, 
McGraw-Hill. 
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Appendix B Data stocktake 
The table below provides a general summary of the types of data used by water businesses to 
develop their demand forecasting models, along with the source of the data and its quality and 
availability. 

Data requirement  Source Comment 

Economic & demographic factors   

Number of residential and non-
residential customers 

Water business 
internal data 

ViF 

Generally, the quality of this data is quite high. Key collection 
methods included: 

 Customer data extracted from internal billing systems 

 Customer usage patterns collected through customer 

surveys  

 Population forecasts, using ABS/ViF data 

A number of businesses expressed a desire to obtain customer 
data at a greater level of granularity 

Average household size ABS data/ViF data Data sources available were described as often too high-level 
to provide meaningful data. Some businesses do not use this 
data 

 Jurisdictional specific data is also individually collected by 

larger metropolitan providers and some large regional 

businesses. Businesses that do not collect this data 
frequently commented that it may be beneficial to be 

able to do so. 

Dwelling density ViF Most businesses did not use dwelling density. Some used ViF 
population density estimates as a proxy 

Household appliance mix Water business – 
external survey 

The quality of this data is high when collected by surveyors.  

Many businesses commented that this data would be useful, 
but do not collect due to cost. 

Penetration of water efficient 
appliances, rainwater tanks etc. 

Water business – 
external survey 

The quality of this data is high when collected by surveyors.  

Many businesses commented that this data would be useful, 
but do not collect due to cost. 

Consumption data   

Temporality of water demand 
(e.g. daily, monthly) 

Water business – 
internal data 

Most businesses suggested they are satisfied with the current 
temporality of data 

Estimates of indoor and outdoor 
use for key customer groups 

Water business – 
internal data/external 
survey 

Estimates 

Most businesses mentioned they currently do not collect this 
data, but would benefit from this. Some make 
assumptions/estimates to fill this gap (e.g. differences 
between summer and winter use) 

 

Demand management initiatives   

Demand management initiatives 
(residential and non-residential)  

Unknown Most businesses mentioned they would benefit from historical 
data about the impact of demand management initiatives  

Weather data   

Rainfall/temperature data BOM 

Internal data 

Aside from internal data collected from weather stations, BOM 
is the major source of weather forecasting data.  

Some businesses suggested BOM was too broad to measure 
their networks directly. 

 


