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Improving how energy use behaviour is represented is challenging but essential for robust energy
transition planning. System-level modelling typically characterises household and business
demand using aggregated time-series data, with a smaller fraction of demand incorporated
endogenously to represent a degree of flexibility and price responsiveness. The demand time
series are usually scaled or modelled from historical data, meaning that established temporal and
weather dependencies are well captured. However, such methods are poorly suited to exploring
futures where energy use diverges from past patterns. Developing alternative behavioural
representations is difficult because energy use patterns arise from the complexity and
heterogeneity of peoples’ day-to-day lives and requires combining detailed historical data with
more qualitative forward-looking assumptions, in a way that preserves observed historical patterns
while selectively modifying others.

New methods to address these issues are being developed by the Scenarios for Future Living
project. This paper presents a preliminary analysis of historical demand to inform that work. We
examine aggregation dynamics in a dataset of 1,000 Victorian household load profiles, quantifying
the sample sizes required to produce stable aggregate estimates and the uncertainty in population-
level profiles. We also analyse regional demand trends focusing on changes in New South Wales
demand patterns on comparable weather days from 2017—-2025. Together, these analyses provide
insight into demand-side characteristics and help inform the development of improved demand
modelling methods.

Load profile aggregation dynamics

We used a halfhourly electricity usage dataset of 1,000 Victorian households provided by Solar
Analytics to assess how sample size affects the reliability of estimated aggregate household
demand profiles. Note the load composition such as the prenetration of electric vechiles or other
technology has not be analysed for this work. Random samples of 100, 500, and 1,012 households
were drawn with replacement. The 1,012 sample represents the full dataset size, considering only
sites with less than 2% missing data. Each sampling process was repeated ten times. Aggregates
were scaled to be comparable across sample sizes. The aggregate of each sample being an
estimate of the regional demand shape. This approach is an application of the bootstrapping
method for estimating variance (Chernick et al., 2011), though here we focus on visualising profile
variation rather than explicitly calculating variance. Comparing profiles from repeated samples of
the same size shows the uncertainty inherent in using that sample size, while comparisons across
sample sizes show how uncertainty declines as the dataset grows. Note that any bias inherent in
the original dataset cannot be assessed using this method.

Figures 1-3 show aggregate profiles for the three sample sizes on 2021-07-05. Variability is
significantly higher for samples of 100 households and lower for samples of 500 or 1,012, although
substantial variability remains even at these larger sample sizes. The similarity in variance
between 500 and 1,012 suggests diminishing returns as sample size increases within this range,
and that substantially larger datasets would be required to achieve high-confidence regional
estimates. Overall, the level of variation was greater than expected, indicating that far larger
household samples may be needed to produce robust estimates of aggregate demand profiles.
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Figure 4 shows estimated maximum demand in 2021 for sample sizes 100, 300, 500, and 719 (the
number of sites with less than 2% missing data in 2021). Each sample size was drawn 100 times.
The resulting set of aggregate maximum demands is shown with box plots. The maximum demand
results are consistent with the aggregate profile results from Figures 1-3. Estimated maximum
demand variance is much higher for sample size 100, variance reduces with increased sizes of
300 and 500, but there appears to be diminishing returns with increasing to 719 samples. As with
the profiles results, significant variancepersists even with larger sample sizes. This suggests the
high variance in the aggregate profile results are not an artifact of the particular day examined or
the randomly chosen samples.
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Sample 1 (96 unique/100 total x 10.1)
Sample 2 (91 unique/100 total x 10.1)
Sample 3 (95 unique/100 total x 10.1)
Sample 4 (94 unique/100 total x 10.1)
sample 5 (94 unique/100 total x 10.1)
Sample 6 (93 unique/100 total x 10.1)
Sample 7 (94 uniques100 total x 10.1)
Sample 8 (91 unique/100 total x 10.1)
Sample 9 {94 unique/100 total x 10.1)
Sample 10 (96 unique/100 total x 10.1)

== = Full population (1012 sites, =2% missing)

Figure 1 Aggregated and scaled estimates of aggregate load obtained using sampling with
replacement, with a sample size of 100. Sites with > 2% missing data were excluded.
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Sample 1 (395 unique/500 total x 2.0)
Sample 2 (405 unique/500 total x 2.0)
Sample 3 (397 unique/500 total x 2.0)
~— Sample 4 (398 unique/500 total x 2.0)
Sample 5 (398 unique/500 total x 2.0)
Sample 6 (396 unique/500 total x 2.0)
Sample 7 (394 unique/500 total x 2.0)
Sample 8 (396 unique/500 total x 2.0)
Sample 9 (395 unique/500 total x 2.0)
Sample 10 (390 unique/500 total x 2.0)
== = Full population (1012 sites, 2% missing)

Figure 2 Aggregated and scaled estimates of aggregate load obtained using sampling with
replacement, with a sample size of 500. Sites with > 2% missing data were excluded.
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Figure 3 Aggregated and scaled estimates of aggregate load obtained using sampling with
replacement, with a sample size of 1012. Sites with > 2% missing data were excluded.
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Figure 4 Aggregated and scaled estimates of maximum demand across the full yearly data
set for 2021. Sites with > 2% missing data were excluded.

Trends in NSW demand patterns

Also of interest is how aggregate demand patterns are changing over time. To examine this, we
selected similar weather days in NSW between 2017 and 2025 using half-hourly temperature
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station data from the Bureau of Meteorology. Similar days were found by calculating the mean
absolute temperature difference on a time-of-day and weather station basis. Only days more than
five years apart and from the same time of week (Monday, mid-week, Friday, Saturday, or Sunday)
were compared. Figure 5 shows selected comparisons from the 100 days with the most similar
temperature profiles. Demand data published by AEMO and accessed with NEMOSIS was used
(AEMO, 2025; Gorman et al, 2018). By far the most significant and consistent difference between
earlier years and more recent years is the significant reduction in daytime load due to increasing
deployment of small-scale PV. This is apparent in operational demand which doesn’t include
demand met by small-scale PV generation. AEMO’s estimate of small-scale PV is added to
operational demand to estimate underlying demand. The changes in underlying demand are
smaller and less consistent across days: (a) some days show increased underlying demand
primarily in daylight hours; (b) other days show consistent uplift across the entire day; and (c) still
others show temporal shifts rather than simple increases or decreases.

Similar weather days - 6 years apart - Saturday
2018-12-08 vs 2024-11-23
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Similar weather days - 6 years apart - Mid-week
2017-05-10 vs 2023-05-11
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Figure 5 Comparison of operational and underlying demand for selected similar weather
days in NSW between 2017 and 2025. Similarity was assessed using the mean absolute
difference in temperature taken on a half hourly time-of-day and weather station basis.
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