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How people use energy, understanding pattern behaviour through 
clustering 

Summary  
Current demand forecasting relies on historical trendlines to forecast future consumption. 

Accommodations are made to the overall energy consumption of DER energies and their impact on 

total consumption but not to time of use. This study presents a technique for identifying unique 

features and behaviours within household demand data. Results show that different hot water 

heating strategies have significant impact on overall demand profiles but load shifting for solar 

utilisation remains relatively rare. The research highlights the importance of considering diverse use 

of DER. In addition to the prominence of DER, Demand forecasts should consider how DER is use 

is changing at a residential level. 

Background 
Demand forecasts play an important part in all levels of energy network planning. Local network 

planning can utilise local energy monitoring devices that can provide rich source of data to draw 

inferences from. The importance of these are recognised by state-sponsored programs, such as the 

Victorian Energy Upgrades (Victoria State Government, 2025), and national programs, such as the 

Household Energy Upgrades Fund (Department of Climate Change, Energy, the Environment, and 

Water, 2025). However, when analysing and forecasting off energy data, aggregation can obscure 

the patterns and approaches undertaken by the sample population. It is helpful to identify 

consumption behaviours that exists and their popularity so that adjustments can be made regarding 

their expected prominence in the future.  

McLoughlin et al. (McLoughlin, Duffy, & Conlon, 2015) present a three stage approach to 

clustering. This has a strength in acknowledging that consumers vary their behaviour due to a range 

of factors but relies on additional information that is not present in the dataset available. Kwac et al. 

perform principle component analysis (PCA) and then k-means clustering to identify segmentation 

in consumer data from California (Kwac, Flora, & Rajagopal, 2014). This remains an effective 

methodology, however the results lack applicability to current Australian use cases. 

At a household level, hot water systems have long been know to have potential to achieve 

significant energy savings (Crawford, 2004). Despite this, households with DER use hot water 

systems in different ways (Gill, 2015) that individual preferences rather than cost optimisation. This 

work seeks to identify how common this behaviour actually is within our consumer set so to inform 

broader research on integrating consumer preferences into demand modelling.  

Methods 
This study analyses high-resolution energy monitoring devices data from 24 households in the 

Eurobodalla region. The data includes demand, solar, air conditioning, and hot water heating from 

the 28/9/2022 to 23/8/2023. The energy monitoring devices were supplied by Wattwatchers 

(Wattwatchers, 2024). The period of clustering was performed on 15/5/23 to 23/8/23 reflecting a 

100 day period with all households having high availability for this period. Each of the households 

involved in the program have solar panels installed.  

This study adapts the methods of Kwac et al. for perform segmentation using the Sklearn toolkit in 

python. Gaps in the data are estimated by K-nearest neighbours imputation. Principle component 

analysis (PCA) is performed on the demand data.  This generates a series of 288 length vectors. We 

filter for the top 10 components and these are weighted by the explained variance of each vector.  

K-means clustering is then performed on the weighted principle component vectors. We identified 5 

clusters using the ‘elbow’ method, where the addition of more clusters provides diminishing returns 

to the average distance between households and their representative cluster. We believe that this 
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size provides an appropriate balance in identifying the presence of diversity and meaning. 

The segmentation process is applied to the demand data for each household. This aims to reflect the 

consumption preferences of the household as well as the load placed on the network that is 

independent of solar generation. Some contributing components of demand (air conditioning and 

hot water heating) will then be analysed to identify possible contributing factors. Having clustered 

the demand profiles, we analyse the contributing hot water patterns underlying each demand pattern 

to determine if load shifting is occurring.  

Results 
PCA accounts for approximately 68% of the variance in the demand dataset, though table 1 shows 

that there is a wide range of its appropriateness in capturing the maximum variance in the data.  

Table 1: Explanatory power of top 10 principle components for each household (hot water) 

Minimum 1st Quartile Median 3rd Quartile Maximum 

0.397 0.516 0.763 0.803 0.926 

 

Table 2 shows that most households in the dataset exhibited relatively similar overall behaviour, 

here reflected in cluster 2’s high frequency. This high proportion of households in a single cluster 

were found to be consistent across the cluster parameters (number of principles components and 

number of clusters).  

Table 2: Segment statistics 

Segment Frequency # Frequency % 

0 15 65% 

1 5 22% 

2 1 4% 

3 1 4% 

4 1 4% 

 

Figure 1: The representative household demand profile of each cluster with other profiles in 
background. 

From the 5 clusters, we can observe each cluster presenting different demand patterns. Cluster 0 

exhibits a relatively flat curve with consistent energy usage. This demand curve has peaks in the 

morning and the evening around 10am and 7pm respectively but these are comparatively minor. 

Cluster 1 and 3 are consistent with hot water heating load shifting behaviour. At an individual 

household level, these large peaks reflect the large power draw of hot water heaters turning on after 
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a period of disconnection. Cluster 2 has a large overnight load with comparatively small morning 

and evening increases. The consistency of the early morning peak could indicate timer systems 

programmed to heat water overnight.  Cluster 4 appears to be an outlier with a consumption peak 

around 5pm and almost entirely evening load. Although the small sample size makes conclusions 

challenging, could reflect a household that has a battery. The average generally follows the profile 

of cluster 0 (being the largest cluster), however the early morning period is influenced by cluster 2. 

 

Figure 2 and 3: Representative hot water and air-conditioning profiles of each cluster 

Figures 2 and 3 reflect the aggregate hot water heating and air conditioning usage of each cluster. 

Not all representative consumers report air conditioning, but average usage patterns do not vary 

significantly. Cluster 1 presents a hot water load shifting pattern with relatively strong peaks around 

midday. Clusters 2 and 3 present a strong early morning peak with almost no energy use through the 

rest of the day to heat water. This is consistent with systems that utilise the off-peak tariffs for 

heating. Cluster 4 has a strong evening peak, driving their overall demand profile. The strength of 

peaks exhibited in clusters 1, 2, 3, and 4 and their low demand outside of these times could be 

explained by the use of timer systems to manage hot water heating. The remaining 67% of 

households in cluster 0 reflect an ongoing consumption pattern with lower peaks but near constant 

draw. 

There appear to be very few differences in time-of-use in the air conditioning usage. One 

explanation for this could be that heating and cooling have a smaller contribution to demand and 

thus influence the segmentation process in a negligible way. Most of the consumption forms strong 

morning and evening peaks. The morning peak aligns moderately well with solar production. The 

patterns likely reflect that air-conditioning is used when people are at home and for comfort 

purposes.  

Given all households involved in the study have solar panels, it is also important to consider the 

utilisation of their solar generation, which can be measured via self-sufficiency or self-consumption.  

Self-sufficiency = 1 −
∑𝑃𝐶𝑃(𝑃𝐶𝑃>0)

∑𝑃𝑙𝑜𝑎𝑑
.      Eq 1. 

Self-consumption = 1 −
∑𝑃𝐶𝑃(𝑃𝐶𝑃<0)

∑𝑃𝑠𝑜𝑙𝑎𝑟
.     Eq 2. 

Table 3: Self-sufficiency and Self-consumption measures for each cluster 

Measure Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Self-sufficiency 0.431 0.613 0.204 0.305 0.091 

Self-

consumption 

0.542 0.310 0.415 0.329 0.127 
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Table 3 shows how these findings relate to a household’s self-sufficiency and self-consumption. 

The connection point (PCP) is the sum of demand and solar. Cluster 1 demonstrates the highest self-

sufficiency, aligning with the purpose of hot water load shifting to reduce overnight loads. This 

household has a lower self-consumption rate, which can be explained by their larger solar 

production. The overnight hot water heating present in cluster 2 is a contributing factor to the 

relatively low self-sufficiency and self-consumption. The unique behaviour of cluster 4 yields 

especially low self-sufficiency and self-consumption values, highlighting that this instance will 

need to be investigated further.  

Discussion and Conclusion 

This study has performed segmentation on household data and subsequnt analysis on 24 households 

and identified several patterns within the dataset. The results suggest that 33% of the households 

have timer systems for their hot water systems but only a quarter of those apply load shifting 

strategies. None of the households were observed to use load shifting strategies for air conditioning 

in  a meaningful way. These choices have impacts on the self-sufficiency and self-consumption of 

each household, which can be important considerations for some households. While a majority of 

systems operate in a relatively similar manner, the presence of alternative behaviours reflect the 

growing diversity in DER technologies and how they are used. The presence of high overnight 

loads on timers present an opportunity to influence flexible demand thrgouh appropriate policy 

incentives or engagement. The prominence and increasing adoption of heat pumps, EVs, and other 

DER reflect an opportunity to encourage consumer behaviour that does not diminish grid stability. 

Households thought to be using timer systems also exhibited large demand spikes, highlighting the 

need for load shifting strategies be offset from one another so that large aggregate demand spikes 

don’t emerge in the network. These findings are consistent with concerns over EV charging 

patterns. 

The data-driven segmentation approach is important to forecasting demand that is flexible to the 

underlying changes of the contributing population and consumer choices. The methods presented 

reflect an analysis that can be scaled to identify other prominent patterns of use within smart meter 

data. The findings can inform future projection as well as identify opportunities to shape future 

demand through policy. Future work should be done to identify consumer behaviour patterns and 

their connection to the prevalence of consumer technologies, geography, and demographics.  
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