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energy transition. Motivated by achieving an equitable and sustainable future and the fulfil-
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1. Changes with respect to the DoA 

This deliverable was originally due at M9. However, the planned post-doctoral research as-
sociate post was not in place until the end of November 2021, and only at 0.5 FTE until 
March 2022.  

2. Dissemination and uptake 

This deliverable constitutes the basis for further research within the project, aiming to convert 
findings from WPs 2 and 3, and to enable the statistical approaches and modelling instru-
ments of WP4 and WP5. It will also contribute to training modules for the ENCLUDE Acade-
my for Energy Citizen Leadership, by offering a critical review of the state-of-the-art in rele-
vant attributes for clustering energy behavior (and the associated impact) at individual and 
collective levels. This review will therefore also support future investigations outside of the 
project, by researchers interested in the topic of qualified attributes for clustering energy-
related actions.  

3. Short Summary of results  

This report captures the results of an extensive literature review of studies that cluster citi-
zens in terms of their energy/environmental behaviors. The report maps the factors that 
might be used in the literature to create clusters for decarbonization under the work of WP4. 
Outputs of the review are presented at two levels, according to whom the data clusters refer 
to, namely individual and collective. 

• At an individual level, major variables for clustering energy behaviors were catego-
rized as socio-economic and demographic, psychological, energy consump-
tion/environmental patterns across different areas of life (housing, transport, etc.), 
and other contextual variables.  

• At a collective level, major variables were categorized as socio-economic and demo-
graphic, energy infrastructure variables, energy consumption profiles, environmental 
performance, and other contextual factors.  

Establishing clusters of citizens based on their individual attributes leads to their distinct 
grouping, which can provide insights regarding their energy behavior and lifestyle and can 
assist the development of policies targeting specific groups of citizens. However, when con-
sidering spatially targeted policies, “aggregated level” data (e.g., at neighborhood or even at 
building level) might be more appropriate than household level data (Reyna et al., 2016). In 
the context of this study, clustering data for a single person or household fall under the indi-
vidual level (although the house could be occupied by one or more persons), while clustering 
data collected at any scale bigger than household is considered collective. Finally, a poten-
tially insightful way to cluster citizens and groups of citizens may be based on their 
needs/priorities (affordability, access to energy, sustainability, efficiency). 

4. Evidence of accomplishment 

This report serves as evidence of accomplishment. 
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Executive Summary  

This deliverable aims to identify key variables relevant to the emergence and fostering of en-
ergy citizenship that will accordingly enable the strategic clustering of citizens for decarboni-
zation.  

To this end, an in-depth literature review of articles and EU-funded project reports (e.g., 
ECHOES and ENTRUST) has been carried out to map the factors that have been used to 
create clusters of citizens within the wider research area of energy decarbonization and cre-
ate a database of attributes and other required variables such as the size of the samples, the 
level of analysis, the number and types of clusters, along with the methods of clustering.  

A large portion of literature has used big data analytics to establish clusters of citizens based 
on their individual or household energy consumption patterns and lifestyles across different 
areas of life (housing, mobility, consumption, diet, etc.). Other researchers have focused on 
the building level (rather than the individual or household), collecting data about out-
door/indoor environment variables, as well as the aggregated energy consumption (heating 
and electricity) data and discover common trends and hidden knowledge from large datasets 
(more details in Section 3). To this end, outputs of the review are presented under two levels, 
according to whom the data clusters refer to, namely individual or collective level. In the con-
text of this study, clustering data for a single person or household fall under the individual 
level (although the house could be occupied by one or more persons), while clustering data 
collected at any scale bigger than household is considered collective. 

On the one hand, establishing clusters of citizens based on their individual clustering attrib-
utes leads to their distinct grouping based on their energy behavior/environmental lifestyles 
and assists the development of policies targeting specific groups of citizens. On the other 
hand, certain variables cannot be accurately estimated unless contextual factors are taken 
into consideration. For example, an occupant of a flat often does not have the power to 
change the central heating system of the multi-apartment building. In such cases, data on 
electricity/heating consumption, along with data on the carbon emissions profile may be pref-
erable to be collected at an aggregated level (e.g., building), as this would result to a more 
representative set of clusters, enabling the development of spatially targeted policies for en-
ergy decarbonization. 

Figure 1 illustrates the main categories of clustering variables that have been identified 
through the literature review process at the individual and collective level as follows:  

l Socio-economic & demographic variables: Age, income, education, employment, 
gender, income, number of family members 

l Geographic variables: Urban, rural environment 

l Psychological variables: Personal norms, preferences, values, lifegoals  

l Energy/environmental lifestyle and infrastructure: Energy usage data for different 
types such as electricity and heat at both individual and collective levels across dif-
ferent areas of life, including electricity load, heat/electricity load. Environmental life-
style, including CO2 emissions and carbon impact at a collective level 

l Other factors, such as management of finances, social networks and community, and 
experience of local political networks 



  

vi 
 

D4.1 - Report on qualified clustering input attributes 

Existing studies have focused on establishing distinct clusters of citizens based on their en-
ergy behavior, their environmental lifestyle, as well as their motivation to become early 
adopters of innovate technologies. Other researchers focus on deriving load profiles of build-
ings to improve accuracy of load forecasting (electricity/heating/cooling) and/or to support the 
design of energy efficiency initiatives, policies, and roadmaps for long-term resource/energy 
system planning (Figure 1). 
An interesting and potentially insightful way to cluster citizens and groups of citizens is based 
on their needs/priorities (affordability, access to energy, sustainability, efficiency). Especially 
in neighborhoods/areas/countries suffering from lack of access to clean and affordable ener-
gy services (heating/cooling, electricity), factors such as the low income, the high energy 
costs, and the house energy performance are becoming increasingly important. In such cas-
es, clustering of citizens based on their needs/priorities will potentially lead to the creation of 
quite different groupings and enable policy makers to emphasize on inclusive policies that 
can further promote decarbonization across different segments of the population.  

 

 

Figure 1 Common types of clusters and key clustering variables at both individual and collec-
tive level 
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1 Introduction 
1.1 Background 

1.2 Context 

 

 

 

The overall vision of the Horizon 2020 (H2020) project Energy Citizens for Inclusive Decar-
bonization (ENCLUDE) is to help the EU to fulfil its promise of a just and inclusive decarboni-
zation pathway through sharing and co-creating new knowledge and practices that maximize 
the number and diversity of citizens who are willing and able to contribute to the energy tran-
sition.  

In the transformation of the energy system, the role of citizens is becoming increasingly im-
portant through their engagement, involvement, and shaping of the future energy landscape. 
This important role of citizens for energy consumption is reflected in the term "energy citi-
zen". ENCLUDE aims to share new knowledge and motivate the broadest possible popula-
tion to contribute to the energy transition. Citizens consume significant amounts of energy 
each year and their total energy consumption is increasing because of the population growth. 
On the other hand, new appliances are more efficient; for example, the electric vehicles re-
duce the amount of energy consumed by conventional fossil-fuel based vehicles. In this re-
gard, they play a key role in energy consumption and CO2 emissions, too. It is crucial to cre-
ate a framework to measure citizens’ CO2 impact and form a pathway to decrease their influ-
ence on carbon emissions. To measure the shift of citizens’ energy behavior, the energy us-
age and CO2 emissions dataset needs to be considered; accordingly, an efficient clustering 
method is required to categorize them and define an effective policy to facilitate behavior 
change. 

 

Within ENCLUDE, the aim of Work Package (WP) 4 is to identify groupings of citizens (clus-
ters for decarbonization) at different scales of analysis, so that they can be more effectively 
mobilized by policies to accelerate energy system decarbonization. 

Individual clusters for decarbonization are not necessarily groups of citizens with common 
demographic characteristics; rather, they may involve demographically diverse groups shar-
ing common characteristics of energy behavior, including readiness to embrace energy citi-
zenship actions, which in turn result in each carbon footprint. Such groupings can inform pol-
icy makers of the citizens’ profiles that are expected to be more responsive to energy citizen-
ship policy initiatives, as these should be targeted due to their decarbonization potential.  

The first task of WP4 is to qualify, in collaboration with WP3, key clustering variables relevant 
to the emergence and fostering of energy citizenship, to enable effective data extraction from 
the project’s case studies and the successful development of clustering models (e.g., through 
application of Machine Learning (ML) and deep learning methods).  
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1.3 Structure of the report 

2 Classification of clustering studies 
2.1 Introduction   
Increasing concerns about global warming and climate change have placed “citizens at the 
heart of energy transitions” (COMETS et al., 2022; Blasch et al., 2022) As such, the role of 
citizens’ energy behavior and shift to more sustainable paradigms towards achieving the net 
zero emissions target have drawn researchers’ attention around the world. As already men-
tioned, it is crucial to categorize people into different clusters to create proper policies and 
roadmaps for each group. Several studies are conducted, and methods are developed for 
clustering at different levels to identify separable patterns, lifestyles, energy profiles and en-
ergy behaviors, especially during the last two decades.  

Different levels of clustering have been considered in literature, varying from individual to 
country level. In this report, clustering variables are presented on two analytical levels: indi-
vidual and collective. This classification of clustering studies is chosen for the sake of sim-
plicity, as well as to identify how clustering variables differ among different scales of analysis 
and to increase the understanding about the role of collective factors in shifting to more sus-
tainable lifestyles. In the context of this study, clustering data for a single person or house-
hold fall under the individual level (although the house could be occupied by one or more 
persons), while clustering data collected at any scale bigger than household is considered 
collective. The categorization of clustering studies is presented in Figure 2. 

This report summarizes the findings on qualified clustering input attributes, based on results 
from previous H2020 projects, such as ECHOES  (Schwarzinger et al., 2019; Bird et al., 
2020) and ENTRUST (Axon et al., 2018), along with results from extended literature to identi-
fy energy decarbonization-related clustering attributes (Tobin De Fuentes & Dunphy, 2018).  

The report is structured as follows: First, the categorization of clustering studies as presented 
in this report is introduced in Section 2. Next, the main findings (clustering attributes, cluster-
ing approaches and key outputs) from the review of clustering studies are presented at indi-
vidual and collective levels in Section 3. In Section 4, key attributes for efficient individuals 
and collective clustering are presented and discussed. Finally, summary and conclusions are 
presented in Section 5. 
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Figure 2 Categorization of clustering studies at individual and collective level 

  
 

2.2 Individual level 
Clustering energy behaviors at the individual level has been carried out in several research 
studies, considering different variables for clustering and pattern identification within a da-
taset. In this regard, studies that use data collected at individual level (e.g., individual energy 
usage, sociodemographic, psychological factors) as input for clustering are gathered under 
this category. The data may have been gathered via surveys, or energy usage measure-
ments. There are, however, cases when data at the individual level are not directly known, 
e.g., when energy usage is only measurable on a per-household basis. To simplify this un-
certainty in this deliverable, studies that used surveys data for individuals who live in house-
holds are considered as individual level (Seebauer et al., 2017). Most studies focus on ener-
gy usage of individuals and use the data to develop energy consumption (electrici-
ty/heating/cooling) profiles and categorize people into different clusters (more details in sec-
tion 3.2), with the aim to support policy decision making towards energy decarbonization 
pathways.  

Some other studies use socio-demographics and psychological variables to categorize peo-
ple into separable clusters. Common examples are age, gender, income, location of residen-
cy and other socio-demographic and geographic variables. Motivation, willingness to change 
and mental barriers are considered as psychological variables besides socio-demographic 
variables to create a vision for policy makers and help create better roadmaps for behavior 
change among individuals. 
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2.3 Collective level  
Several studies have been carried out to evaluate the effects of environmental and net zero 
policies on groups (rather than individuals), such as apartments, cities, and countries. Differ-
ent clustering methods are applied to categorize collective entities into distinct clusters and to 
consider their large-scale attributes such as energy behavior and CO2 emissions.  

Different types of energy usage in buildings, such as electricity consumption, district heat 
demand, and electricity demand profiles, are considered to find meaningful patterns in data 
using clustering methods. To investigate the energy behavior at a larger scale than at indi-
vidual level, different variables such as energy demand, renewable energy installations, and 
CO2 emissions are taken into account. Variables at a collective level could create a clearer 
vision for decision makers and help form roadmaps for net zero carbon. Other important var-
iables that have been evaluated for energy behavior changes are greenhouse gas emissions 
and clean energy usage. The amount of CO2 emissions is explored at varying levels, from 
buildings to country level, and collected data are used to recognize different clusters.  

In the next Section, published articles and studies are reviewed based on the classification 
proposed in this Section.  

 

3 Review of clustering attributes  
3.1 Introduction 
In this Section, references and articles relating to citizens’ behavior clustering are reviewed 
and evaluated at two different levels of analysis: individual and collective. During the review 
process, over 140 articles were identified using a set of keywords, including “citizens”, “ener-
gy behavior”, “emissions”, “decarbonization” and “clustering”. 54 articles were found to be di-
rectly relevant to the scope of ENCLUDE and they are reviewed in this section, taking into 
consideration quantitative variables, qualitative variables, scale of the datasets, and cluster-
ing methods. 

In what follows, the individual level of clustering is addressed first, with an assessment of the 
studies that have considered different thematic types of variables, such as energy behavior, 
socio-demographic and psychological factors. The collective level is then discussed, and the 
clustering variables identified are thematically grouped under energy consumption, clean en-
ergy, and CO2 emissions for subsequent evaluation.  

 

3.2  Clustering attributes at individual level  

3.2.1 Socio-economic, demographic, and geographic factors 
Socio-demographic factors such as age, gender, education, and income have been widely as 
clustering variables in individual level clustering studies (Schwarzinger et al., 2019; Diao et 
al., 2017). 

Boucher et al. (2018) investigate the correlation between education and income with the en-
ergy awareness, using energy audits as a proxy. An ordinary least squares method has been 
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applied to 1670 postcodes in New York. The results show that audits are ubiquitous for indi-
viduals with a prestigious education and mediocre income as well as individuals with lower 
income inhabiting zip code areas with a higher average age (more than 45 years-old) in big 
cities. This study emphasizes on spatial and social stratification of pro-environmental behav-
iors. Furthermore, living in the household for a long time could increase the chance of effec-
tiveness of behavior change schemes.  

The willingness to adopt innovative and potentially more sustainable technologies has also 
been investigated in literature. Individuals’ criteria and behavior attributes to adopt Fuel Cell 
Electric Vehicles (FCEV) have been studied in (Moon et al., 2021) to identify early adopters 
in South Korea. Consumers are clustered according to criteria that affect their choice when 
purchasing a vehicle (fuel type, max price, brand, etc.). Accordingly, socio-economic and 
demographic characteristics of consumers belonging to each cluster are analyzed, including 
age, income, number of family members, number of children in a family, driving distance, 
value on car ownership, perception regarding the uncertainty of low emissions vehicle (LEV), 
and necessity of LEV). Citizens have been classified into 6 clusters using the k-means clus-
tering method. It was found that 44.9% of consumers consider FCEV as potential choice, 
with the ‘innovative and luxurious’ consumer group showing the highest likelihood of buying 
FCEV. Interestingly, this study considered sustainable technology initiative and behavior 
changes simultaneously, hence highlighting the potential for technology to influence behav-
ior. 

 

3.2.2 Psychological factors 
The relation between households’ characteristics and residential electricity usage patterns 
has been discussed by (Fang et al. 2021), using both socio-demographic and psychological 
attributes. Socio-demographic variables like age, income, number of adults in each house, 
and psychological variables like lack of convenience were considered. The proposed method 
used a dataset of 3117 consumers in China and grouped them into 7 groups of daily energy. 
Similar to other psychological studies on climate-related behavior, this work takes both soci-
odemographic and psychological attributes into consideration (Moon et al., 2021; Mi et al. 
2021). 

The effect of psychological and socio-economic variables on pro-environmental behavior and 
energy usage has been investigated by (Moser & Kleinhückelkotten, 2018). In this study, two 
approaches for pro-environmental behavior are explored: intent-oriented and impact-
oriented. Research that focused on intent emphasized on motivation, while impact-based 
approaches focused on socio-economic variables. To this extent, data from a survey of 1012 
individuals from Germany were gathered, and the impact of variables such as age, income, 
gender, education, home owning and pro-environmental behavior (intent-related attribute) for 
each individual, was measured. It was found that focusing on impact-related variables have a 
significant effect on pro-environmental behaviors, which could represent a vital insight for 
policy makers. 

Behavior changes in adolescents by improving awareness about energy savings and the im-
pact of greenhouse gas emissions has been studied by (Cornelius et al. 2014). In this re-
search, the principles of behavior change have been evaluated, including self-efficacy, key 
learning processes, and motivation factors, to improve knowledge, awareness, and attitude 
amongst 165 adolescent students in the USA. Students were divided into two groups: control 
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and treatment. It was found that the treatment group improved its energy savings behavior 
significantly (by means of switching off appliances) as opposed to the control group. Their 
theory-based intervention showed significant effects on energy saving behavior. 

Psychological variables such as motivation and willingness to change are qualitative factors, 
and they must be considered for behavior change analysis. Measurement of psychological 
attributes after applying behavior change initiatives is difficult due to the complex nature of 
human response to a contextual change. It is difficult to create guidelines and roadmaps us-
ing psychological variables, but it is possible to cluster individuals based on the similarity in 
their behaviors. Overall, few studies have considered psychological variables and it is a re-
search area that is still developing to increase the understanding of its implications on energy 
behavior change.  

 

3.2.3 Energy consumption   
Domestic UK consumers have been clustered into 2 groups based on their electricity con-
sumption peak time and off-peak time by (Yao et al., 2018). The study suggests that it is dif-
ficult to derive a behavior change policy by examining daily energy usage; rather, hourly 
electricity usage would lead to more accurate energy behavior patterns. A novel method to 
recognize usage patterns of AC for residential buildings and development of a new data min-
ing framework for data clustering is proposed by (An et al. 2018). AC usage data from 301 
apartments in Zhengzhou, China have been clustered using the fuzzy k-means method, 
leading to the development of 4 clusters. This study is applied to three-bedroom apartments 
located in a specific region in China with cold climate to create more efficient and accurate 
energy simulations. The consideration of data on AC usage was suggested to approximate 
well consumers’ energy habits and can assist policy makers to create targeted policy 
schemes.  

The residency owners’ mental model for the identification of appliance similarity has been 
proposed by (Gabe-Thomas et al., 2016) to categorize energy consuming appliances based 
on their energy use pattern. In this study, the daily energy behavior was associated with the 
types of appliances used. The dataset of energy usage from Exeter in the UK has been suc-
cessfully clustered into three distinct appliance groups (kitchen, entertainment, and other ap-
pliances) to create a vision for future policies and decisions.  

Dynamic and multiscale relationships of hourly electricity consumption for 13 residencies in 
Florida is proposed by (Knowles et al., 2018). In this research, Ward’s minimum variance 
method has been used for clustering data into 5 unique consumer groups. The main ad-
vantage of this study is its higher resolution of hourly energy data, leading to more accurate 
pattern recognition for creating efficient and accurate behavior change policies. Also, consid-
ering household data could help more effective policies for carbon emissions reduction. Su-
pervised and unsupervised clustering for categorization of consumers’ energy usage and be-
havior have been developed by (Jiang et al., 2018). In this study, fuzzy consumer categoriza-
tion and k-means clustering have been developed to categorize consumers into 13 clusters. 
Real world results confirmed that the proposed method could improve accuracy of clustering 
and provide significant data for consumers’ electricity usage pattern. Past studies only took 
residential consumers into account and neglected industrial or business consumers. The 
main advantage of this study is that they used smart metering data for non-residential con-
sumers in the USA. Another study in China has developed a new framework for short term 
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load prediction (Fu et al., 2018). In this study, five unique clusters have been identified 
amongst 533 households using the fuzzy C-means clustering method. The clusters are dis-
tinguished in terms of their sensitivity to high temperature and their demand profile. The con-
sideration of both demand and sensitivity to temperature resulted in more representative 
clusters than those identified in studies that considered demand only, which introduced bias 
in the output clusters. Temperature sensitivity could generate better insights regarding habits 
and behavior. Application of new classification methods such as support vector machine 
(SVM) to identify energy usage patterns has been proposed by (Singh & Yassine 2018; 
Singh & Yassine 2018) to create a data mining framework which was used to visualize, ana-
lyze, and predict energy consumption time series. In this study, the UK domestic appliance-
level electricity dataset has been used and 50 clusters have been recognized. The UK-DALE 
dataset records electricity usage of five houses every six seconds at appliances level. The 
main outcome of this study is the clustering of user’s appliances in terms of their energy con-
sumption. It was found that laptops, monitors, and washing machines are the top three appli-
ances whose more efficient use can yield higher energy savings. 

Power load data of USA users have been used to identify energy user behavior by develop-
ing an “Abnormal User Detection” approach based on power load multi-step clustering with 
multiple time scales method (Lin et al., 2019). In this research, the k-means clustering meth-
od is applied to categorize people and identify 10 separate clusters. The main outcome of 
this research of commercial buildings energy usage data was that abnormal users (i.e., outli-
ers with unusual energy behaviors) have a stable distribution of time and space dimensions, 
which is a helpful insight into energy behavior change.   

A novel model that can identify an individual’s use of mechanical ventilation systems in 
households has been proposed (Ren et al., 2019). In this study, a data mining platform 
based on k-means clustering method has been developed to classify usage patterns of 10 
households in the Netherlands by using indoor and outdoor temperature and energy con-
sumption data. The output of this research can help to create a high-performance simulation 
model for buildings, as well as to properly define energy behavior change schemes by con-
sidering the Air-Conditioners (AC) usage data (noting that AC adds to electricity consump-
tion). Identification of an individual’s lifestyle by their energy impact is proposed by 
(Schwarzinger et al. 2019) to develop policies that are based on elaborated social science 
data. Housing, mobility, consumption, diet, information, and other/leisure activities are the dif-
ferent aspects comprising the individual’s lifestyle and the associated energy impact is calcu-
lated for each of them. The proposed analytical framework classified individuals into 5 sepa-
rate clusters using k-means clustering method. The ECHOES dataset has been used in this 
research and it consists of individuals’ data collected across 31 European countries (Reichl 
et al., 2019; Schwarzinger, Bird, & Skjølsvold, 2019). A new data-driven method is proposed 
by (Calikus et al. 2019) that can categorize patterns of heat energy usage for district heating 
network in a city located in southern Sweden. A novel method based on k-shape clustering 
was developed to categorize 1222 households into three different groups. It is suggested that 
households with different customer categories can behave in the same way. This finding is 
crucial regarding energy behavior in buildings, as it proved that a building may have a specif-
ic energy and carbon footprint regardless of its occupants. 

To reduce the dimension of the load profile, Shi et al. (2020) have applied a piecewise ag-
gregate approximation. In this study, the University of California Irvine (UCI) dataset was 
used to validate that the proposed method could significantly enhance efficiency and quality 
of clustering. Results indicated the existence of 4 different energy usage profiles for the 
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group of individuals. For example, it was found that type 1 and type 3 consumers are similar 
and unimodal (less energy usage during the day and more during night), while type 4 con-
sumers have flat energy profiles. This insight could help to identify consumers with similar 
habits and form a proper behavior change scheme. 

A new deep reinforcement learning framework is proposed by (Zhong et al. 2021) for dynam-
ic pricing demand response using the k-means clustering method for more than 1000 con-
sumers in Tianjin, China. In this study, two types of users have been identified: price-
sensitive and price-insensitive, which provides a promising starting point for policy makers 
because it is easier to create effective and maybe expensive policies for price-insensitive 
consumers and change their energy routines. Furthermore, the cluster analysis of 4422 con-
sumers located in Xuzhou, Jiangsu, China, using the Expectation Maximization algorithm has 
been proposed by (Mi et al. 2021) to evaluate energy reduction motivations of consumers 
with three levels of electricity consumption: high, medium, and low. In this study, the theory 
of planned behavior has been used to find effective differences in psychological variables 
that change electricity consumption in buildings. The psychological approach could help to 
develop an efficient behavior change scheme by generating proper insights for policy mak-
ers. The clustering of 23 under-privileged households in Bangladesh using a hybrid combina-
tion of quantitative and qualitative data has been carried by (Neto-Bradley et al.2021) to rec-
ognize the controlling socio-economic factors and behaviors preventing communities from 
clean cooking. For input, they used socio-cultural, demographic, education, and economic 
indicators as quantitative data and household energy consumption preferences and practic-
es, management of finances, social networks, and experience of local political networks as 
qualitative data. Subsequent analysis split the households into five different groups by apply-
ing the agglomerative clustering method. They successfully identified four pathways to over-
come barriers in the process of clean cooking transformation and proposed required strate-
gies. 

A novel method to classify occupancy patterns of energy consumers in residential buildings 
is proposed by (Panchabikesan et al. 2021). In this study, they consider eight apartments in 
Lyon, France, and identified five typical clusters for occupants using the k-shape clustering 
method. As in previous studies, they found different patterns of energy usage over a 24-hour 
period. Different energy consumption patterns during weekdays and weekends were also 
observed, while most studies done previously had focused only on the variation of electricity 
usage on an hourly basis. A novel semi-supervised automatic clustering method based on a 
self-adaptive metric learning process, is proposed to recognize distinctive electricity usage 
patterns from 5,566 households in London. This new method classifies households into 6 
clusters and proved its efficiency against other conventional methods (Zhang et al., 2022). 
Similar to other load profile analyses, each cluster has unique electricity usage over a 24-
hour period. The study also tried to address challenges in electrical load clustering by apply-
ing semi-supervised learning to create more meaningful patterns for policy makers. Real data 
of 71 residencies in the USA have been used to create a hybrid deep learning model to fore-
cast and cluster electricity consumption behavior (Yang et al., 2022). In this study, the convo-
lutional long short-term memory (Co-LSTM) deep learning method has been proposed to 
predict load and to consider behaviors at different time resolutions (hourly, daily, and week-
ly). The k-means clustering method was used to group data into two distinctive clusters. The 
main advantage of this study is its consideration of both shorter- and longer-term behavior, 
as past studies have tended to investigate short-term behavior only. The inclusion of long-
term behavior analysis could help create a more meaningful vision of behavior change. 
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Considering energy consumption and usage profiles for clustering individuals has ad-
vantages and disadvantages. Energy usage data can be potentially accessible, providing a 
simple and straightforward information source for decision makers. Assessing different tem-
poral resolutions of energy usage could help improve the understanding of an individual’s 
habits and routine. This approach is considered in the ECHOES and the ENTRUST projects. 
Both projects highlighted that there are knowledge gaps between current practice and pro-
posed solutions for behavior changes.  Furthermore, using hourly electricity usage data could 
help decision makers to identify individuals’ daily habits and to define required action plans 
for decreasing their CO2 impact. Lower scale resolution like daily and monthly could help pol-
icy makers to develop roadmaps and pathways for reducing individuals’ carbon footprint in 
the long-term and to plan for permanent behavior change.  

Heat energy demand and usage could help in behavior identification and carbon footprint, 
too. Using heat energy usage data could provide further insights as most studies consider 
electricity demand only. The identification of heat energy usage patterns can help policy 
makers to identify potential CO2 sources and try to define incentives for individuals to change 
their behavior and reduce the use of heating technologies with large carbon impact, such as 
gas and oil boilers.  

However, using energy usage data at an individual level to induce behavior change may 
have some drawbacks as both electricity and heat information is required, and these are dif-
ficult to access due to privacy issues. In addition, the output dataset would be enormous and 
require huge computational power to recognize valid patterns. So, while consideration of 
electricity and heat energy usage data could help to create a better vision of behavior 
change, at present it is impractical. Finally, the analysis of energy consumption data at a col-
lective level may ignore certain circumstances, e.g., split incentive issues between owners 
and occupants associated with the ownership status of the residence/building (Castellazzi et 
al., 2017) 

 

3.3 Clustering attributes at collective level 

3.3.1 Socio-economic, demographic, and geographic 
Socio-economic, demographic and geographic variables are relevant also at collective level 
referring to the number of people in a building/neighborhood/city/country, average education 
level, occupation, income and expenditure. 

It is highlighted in (Reyna et al. 2016) how clustering at meso-scale (i.e., buildings at neigh-
borhood level) can improve the energy efficiency assessment of urban buildings. It is sug-
gested that by re-defining the spatial boundaries, policies targeting neighborhood/mesoscale 
geographies can be formulated for energy efficiency and conservation, resulting to higher 
decarbonization impact. The authors support that assessment at this scale can provide suffi-
cient detail for understanding energy consumption patterns. As such, they use demographic, 
building characteristics, and energy consumption data to create clusters of buildings with da-
ta collected from surveys of communities in Los Angeles and New York, USA.   

The effect of tax on energy consumption and behavior to design an economic model has 
been investigated by (Zaharia et al. 2017). In this study, factors like share of environmental, 
energy, transport and pollution taxation in Gross Domestic Product (GDP) have been con-
sidered for 28 countries in Europe. A hierarchical method was used to cluster the countries 
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into 7 separate groups. The results confirmed that using energy taxation can help improve 
competitiveness at EU-28 level. This study proved that efficient taxation on energy could as-
sist in energy behavior change.  

Assessment of key players in Europe’s energy infrastructure and deep insight of human en-
ergy behavior is developed by (Axon et al., 2018). In this study, technological systems (ener-
gy saving solutions) and socio-demographic factors are accounted for simultaneously. This 
study was part of the ENTRUST project outputs and created new insights for energy-related 
practices to improve stakeholder engagement in Europe’s energy transition. One of the im-
portant outcomes of the ENTRUST project is the identification of barriers to behavior change 
initiatives. It is pointed out that there are “knowledge gaps between what is known to work to 
engage individuals in behavioral change, and what is currently being applied in practice.”  
(Kennedy et al., 2019). 

  

3.3.2 Energy consumption 
A novel clustering algorithm has been proposed by (Jafari-Marandi et al., 2016) based on a 
self-organizing map to categorize buildings into different clusters based on their energy us-
age, while they also introduce a homogeneity index to evaluate the clusters’ heterogeneity. 
The authors compare building clusters based on their energy profile heterogeneity index and 
suggest different systems (shared battery and renewable energy) depending on this index. 
Energy consumption data for 30 buildings has been used and buildings have been catego-
rized into 4 clusters.  

Heating and energy consumption profiles for education buildings have been analyzed by (Ma 
et al., 2017) to recognize conventional daily heating usage patterns. In this study, partitioning 
was achieved using the medoids method using data from 19 education buildings in Norway 
to identify heat demand patterns. It was observed that some buildings had peak heat de-
mand between 7AM and 6PM while others were flat during a 24-hour period. While several 
researchers have focused on electricity demand, this study considers heat demand for ener-
gy behavior analysis. 

A novel approach, based on the agglomerative hierarchical clustering-based strategy, con-
siders shared nearest neighbors to recognize the patterns of daily electricity consumption of 
two library buildings at the University of Wollongong (Li et al., 2019). The authors identified 
10 distinct clusters of building energy usage; 3 clusters had flat energy profiles for almost 
whole 24 hours while others were unimodal. Consideration of non-residential buildings is one 
of the novelties of this study; past research discussed in this report focused exclusively on 
residential buildings when identifying energy behavior patterns. Similarly, another study fo-
cused on university buildings in Italy to identify typical and extreme days for multi-energy sys-
tems design optimization (Zatti et al., 2019).  

In a further study, the gaussian mixture model (GMM) algorithm has been proposed for clus-
tering the heat usage of 561 consumers and identified 5 clusters. In this study, the authors 
suggest that the ambient temperature has a significant effect on heat demand (Wang et al., 
2019). According to this study and that of (Fu et al. 2018), temperature plays a significant 
role in the identification of energy habits and behaviors, and it can create a better vision re-
garding behavior change schemes. (Ashouri et al. 2019) proposes a novel method to identify 
how occupants of 80 buildings in Japan behave in terms of their electricity usage. Using the 
k-means clustering method, two different energy consumption behaviors were recognized in 
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the dataset. Authors assign ranking for each building to assess building energy consumption 
(high or low energy usage). This approach is beneficial for energy behavior change as it 
helps decision makers to form separate schemes for each building regardless of occupant.  

In another study on energy consumption clustering at a building level (Culaba et al., 2020a), 
the authors use machine learning to characterize and forecast energy consumption for multi-
application buildings. One of the important points about these studies is that they considered 
the energy usage at a building level, rather than at the individual level, to provide better in-
sights for policy makers because of the wider and clearer vision it offers compared to the in-
dividual level. The relationship between GDP, global competitiveness index, and usage of 
renewable energy has been discussed by (Simionescu et al. 2020), in which a dataset of 28 
European countries was clustered into two groups using the k-means clustering method, 
based on their share of renewable energy sources in their gross final energy consumption.  

Application of new deep neural networks like Generative Adversarial Network (GAN) for cre-
ating realistic electricity usage patterns in buildings is proposed by (Wang & Hon 2020). In 
this study, the authors applied GAN on the Building Data Genome Project dataset from North 
America and identified 14 clusters for load profile using the dataset. Five factors are used to 
quantify load shape of buildings: base load, peak load, peak load duration, and rise and fall 
times. Like other studies, flat and unimodal load profiles were derived, and it is concluded 
that generated load profiles are significantly comparable to real load profiles. Generated and 
real load profiles can provide significant insights about energy behavior by disclosing energy 
usage patterns in buildings and it is one of the important outcomes of this research.  

Identification of energy consumption patterns in university students’ dormitories has been 
developed by (Zhou et al. 2021). In this research, the k-means clustering algorithm has been 
used to categorize data into five clusters that exhibit distinctive energy consumption. This 
study provided a detailed vision of electricity usage patterns in university dormitories but 
found no meaningful correlation between outside temperature and electricity. The study con-
cluded that there is a strong relationship between the academic calendar and electricity us-
age in the dormitories.  

Assessment of energy consumption at a larger scale than individuals could be effective in 
terms of energy savings, because it enables decision makers to consider the contextual fac-
tors affecting their decisions and helps them to design more comprehensive roadmaps. Dif-
ferent clustering algorithms have been applied to identify energy consumption patterns at dif-
ferent spatial levels (e.g., from buildings to countries). At a building level, it appears that en-
ergy usage patterns do not differ substantially across different occupants’ lifestyles, especial-
ly as far as heating systems are concerned. Designing policies for buildings with the same 
characteristics such as age, heating systems, and region could potentially have a higher im-
pact on cutting CO2 emissions than targeting an individual’s behavior change. As such, it 
may be more effective if policies for energy behavior are designed to apply at a collective 
level rather than at an individual level. For example, an occupant of a flat often does not have 
the power to change the central heating system of the multi-apartment building; policies in-
troduced at a building level, along with the necessary incentives, may prove to be more ef-
fective. Furthermore, in some regions, it is difficult or impossible to change the heating sys-
tems in building due to lack of infrastructure such as old heating systems and difficulties to 
access funding. 
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3.3.3 Clean energy and greenhouse gas emissions 
Variables related to clean energy usage and CO2 emissions have also been considered at a 
collective level. The usage of renewable/cleaner energy resources as well as the carbon 
emissions intensity -have been considered as attributes for clustering. For example, the 
amount of CO2 emissions at country level has been considered to categorize countries in 
terms of their carbon intensity and study energy behavior at a larger scale.  

The overall penetration of Photo Voltaic (PV) installation in Germany has been evaluated us-
ing an artificial neural network model, with PV installation historic data and socio-economic 
factors (Lück & Moser, 2019). The number of PV installations during 2000-2018, full load 
hours, income, and share of green party voters were clustered using the k-means method 
and the neural network proved to give more accurate results than the fundamental model 
that only considered single variables such as PV installation. The energy demand, energy 
production, and sociodemographic variables were used to identify clusters of households 
with the aim of providing more robust insights to policy makers.  

The effect of environmental policies in China has been discussed at provincial level by Gong 
et al., (2019). Chinese provinces are evaluated against different variables such as energy 
consumption, CO2 emissions, and GDP during the last 20 years. The study identified five 
separable clusters and confirmed that the proposed algorithm can separate provinces by 
their relative impact on the environment and energy consumption. It is noteworthy that this 
study investigates CO2 emissions and behavior changes together at provincial level.  

Greenhouse gas emissions, energy consumption, energy efficiency, and energy import of 
European countries are compared by Beken (2019). In this research, 30 European countries 
are evaluated and classified using data over the period from 2009 to 2017, using the k-
means clustering method to compare them with Turkey. The outcome of this study could be 
helpful in decision-making at national level regarding energy behavior change.  

Uncertain decarbonization pathways were discussed by (Li et al., 2020), who applied a clus-
tering method for long term characterization. More than 600 synthetic decarbonization path-
ways have been evaluated and classified using the k-means clustering method to identify 
representative pathways for 2030 and 2050 in the UK. In this study, 5 clusters were identified 
and each of them has a specified focus on a certain energy sector. For example, cluster 2 
focused on electricity technologies by 2050, while cluster 4 focused on hydrogen. The out-
come of this study could be helpful regarding large scale generation schemes for energy be-
havior change by suggesting the most efficient pathways for decarbonization. 

Energy behavior changes have been studied based on renewable energy installations, using 
clean energy for cooking and CO2 impact measurement. Different levels of analysis have 
been considered, but most research has focused on buildings and countries. Regarding, re-
newable energy usage and clean energy for heating, most of the studies emphasized on 
buildings. They used different clustering methods to identify patterns and create distinct 
groups that share common characteristics. Also, countries are clustered based on renewable 
energy installations and their CO2 emissions profiles.  

Studying countries with respect to their CO2 emissions could offer insights for designing poli-
cies and support decision makers as they can provide a rough estimate of the status of CO2 
emissions and create decarbonization pathways at a national level. However, clustering at 
this more holistic level of analysis may be less accurate and potentially neglect some groups 
of people, such as the more vulnerable to energy poverty and energy access. The effect of 
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individuals on CO2 emissions is not negligible, so measurement of it could be beneficial for 
behavior identification although it is very difficult to calculate the exact amount of emissions 
for a person.  Also, considering the CO2 impact at a country level would be helpful and policy 
makers could reduce it using renewable energy installations and electric buses. Policies tar-
geted at the mid-scale collective level, such as buildings, may potentially have a higher im-
pact on the behavior change and the CO2 impact of individuals. Changing building heating 
systems and providing incentives to improve the energy performance of their houses could 
be more efficient. 

 

4 Key Clustering Variables 
4.1 Introduction   
Following the literature review (Section 3) of studies carrying out clustering of energy and 
environmental behaviors/energy consumption patterns at different levels of analysis, this 
Section, first, discusses common goals of clustering studies relevant to energy decarboniza-
tion and then summarizes key clustering factors identified as relevant for deriving clusters for 
decarbonization. As mentioned above, two levels of clustering have been considered: indi-
vidual and collective; key variables will be introduced, based on this categorization (Figure 
3).  

 

Figure 3 Mapping of key clustering variables at individual and collective level 

4.2 Goals of clustering studies 
Typical goals of clustering studies include one or more of the following: 
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1) To derive load profiles to improve accuracy of load forecasting (electrici-
ty/heating/cooling) 

2) To identify socio-technical patterns within a population (relationships between socio-
demographics, energy lifestyles and technical characteristics of the energy infrastruc-
ture) for effective energy system assessment and management 

3) To identify customer segments (e.g., for the adoption of innovative technologies) for 
developing more relevant and targeted policies  

4) To support the design of sustainable energy initiatives, policies and roadmaps for 
long-term resource/energy system planning 

Developing realistic load profiles can improve understanding of the building energy efficien-
cy, identification of unnecessary waste as well as increase the accuracy of load forecasting 
(Wang and Hong, 2020). Load profiles have been developed by numerous researchers using 
smart meter data (mostly for electrical power consumption) collected at high temporal granu-
larities at both collective and individual level. For example, Wang and Hong (2020) have 
used smart meter data of 156 office buildings to develop building load profiles, while(Czétány 
et al., 2021)  used smart meter data from residential buildings and proposed four different 
electric user profiles. The latter also examined the impact of specific parameters (day of the 
week, seasonality, geography, housing type, etc.) on the consumption of occupants. Cluster-
ing load data can be used to develop prediction models to characterize and forecast the en-
ergy consumption at different scales of analysis (Culaba et al., 2020). Accurate forecasting of 
energy consumption is essential not only for economic and sustainability reasons (i.e., ener-
gy conservation and decarbonization), but also to facilitate power system planning and stable 
grid operations (Khan et al., 2021). Clustering under different spatial boundaries has been 
cited to be useful for improving predictions and forecasts of short-term and mid-term future 
electricity consumption, as well as for sub- and cross-city energy studies or different spatial 
scales (such as apartment, building, and floor level) (Reyna et. Al., 2016; Khan et al., 2021). 
Load forecasting plays an essential role in modern power system planning, scheduling, op-
eration, maintenance, and control, and it has received a great deal of attention from the re-
search community (Fu et al., 2018; Testi et al., 2020). 
 
Apart from smart metering/load data, some studies have also tried to map trends in the ener-
gy behavior of building occupants and uncover their temporal energy consumption patterns. 
Goal of such studies has been the identification of typical energy usage profiles/consumption 
patterns and lifestyles (Schwarzinger, et al., 2019; Lu et al., 2019; Bogin et al., 2021; Moon 
et al., 2021). Such studies analyze patterns (customers’ energy-use habits) for effective op-
eration and management by energy system companies (e.g., district heating companies) to 
optimize their operations, to implement new control strategies or to optimize a smart grid 
(Calikus et al., 2019). They can enable utilities perform online/real-time energy predictions 
and engage consumers upon realizing consumption changes for an improved smart grid en-
ergy saving program (Singh & Yassine, 2018). Clustering consumers in terms of their charac-
teristics and preferences towards identifying customer segments that can be potential inno-
vators and early adopters of innovative energy technologies, can support the design of suita-
ble marketing strategies to accelerate the diffusion of the technology (Moon et al., 2021). 
Pattern identification has been also useful to evaluate buildings' energy-saving potential 
through occupants' contribution, as well as ranking buildings in terms of achieved and poten-
tial savings (Ashouri et al., 2019). Together with the identification of energy consumption pat-
terns, a key objective of clustering studies has been the identification of the effect of individ-
ual lifestyles on their energy consumption. Identification of groups based on the impact of 
their climate and energy-related behavior using a lifecycle energy assessment in six main ar-
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eas of life (“Housing”, “Mobility”, “Diet”, “Consumer Goods”, “Recreational Hobbies” and “In-
formation) has also been proposed, aiming at providing a basis towards target group- orient-
ed and impact-oriented policy design (Schwarzinger, et al., 2019). 

Furthermore, at building level, evaluating the heterogeneity across multiple buildings in terms 
of their energy consumption can allow to determine which types of buildings should form a 
cluster to share energy and exchange information in the context of a smart grid. Clustering 
buildings can contribute to the reduction of energy consumption, improving the sustainability 
and resilience of the smart grid, leading to significant energy savings (Jafari-Marandi et al., 
2016).  

Cluster analysis in terms of energy profiles can also assist the identification of dominant 
characteristics (socio-economic, psychological, etc.) that can act as enablers and barriers 
towards sustainable energy transition pathways, as well as behavior change initiatives (Mi et 
al., 2021; Axon et al., 2018). 

Common purpose of clustering studies in the context of climate change and sustainable en-
ergy transition is to support decision makers to take informed decisions in the design of poli-
cies, initiatives and roadmaps for decarbonizing the energy system. Varying levels of deci-
sion support include marketing strategies (customized to customer segments) for the diffu-
sion of innovative sustainable energy technologies (Moon et al., 2019), impact-oriented poli-
cy design (Schwarzinger et al., 2019), electricity network planning and operations policies 
according to consumption patterns (Zhou et al., 2021) , district heating operation and man-
agement (Calikus et al., 2019b) and demand-side management policy design (Khan et al., 
2021; Fu et al., 2018; Jiang et al., 2018), among others. 

Given the urgent need to a rapid low carbon energy system transition, policy priorities are in-
creasingly focused on energy efficiency, greenhouse gas emissions mitigation, energy sav-
ings and reduction of energy intensity (deLlano-Paz et al., 2016). However, governments al-
so need to account for other policy priorities including access to energy, energy affordability 
and sustainability. Therefore, the national agendas need to balance or prioritize the different 
aspects of this transition while considering people’s vision, priorities, and needs.  

Although energy behavior characteristics (at both collective and individual level) have been 
extensively analyzed by the research community, limited studies have explored community 
visions of energy transition (Morrisey et al., 2020). In the context of the EU Horizon 2020 
ENTRUST project (Axon et al., 2018) a cluster analysis approach of community’s visions of 
energy change pathways was carried out (Morrissey et al., 2020a). Researchers investigated 
the visions of community residents’ energy system transition through a survey in Liverpool 
UK, what issues they prioritize and the role of various technologies on this transition. In their 
study, they identified distinct energy visions, including community affordability, energy securi-
ty and environmental sustainability, among others. Mapping community’s vision for the future 
can provide an essential foundation for long-term policies and strategies. 

In the context of ENCLUDE, a key priority is to ensure the inclusive involvement of citizens to 
“engage ‘hard to reach’ citizens, and to understand how their aspirations and perceptions 
can be mapped onto the requirements, or opportunities of a low-carbon transition”. According 
to this approach, a different way to develop groupings of citizens is based on their needs and 
priorities. People’s priorities can be affected by their socio-economic status and geographical 
locations. People in certain geographic areas suffer from lack of access to clean heating or 
electricity services and energy poverty. In such cases, policies tailored to the specific condi-
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tions of such citizens should be developed and to this end, distinct categories of consumers’ 
whose priorities/needs are different should be distinguished. As such, clustering citizens in 
terms of their needs could include factors such as affordability, access to energy services, 
efficiency, sustainability. As far as energy poverty is concerned, there are several qualitative 
and quantitative indicators that need to be considered. Qualitative indicators refer to a self-
assessed situation of households such as the condition of the house (presence of leaks, 
damp, or rot), ability to pay utility bills or achieve thermal comfort, while quantitative indica-
tors are based on the citizens’ income, expenditures, and the share of energy utility bills in 
income (Price et al., 2012). 

 

4.3 Individual level  
For studies focusing on clustering at the individual level, the following key variables enabling 
the meaningful grouping in terms of energy/environmental behavior have been identified:  

• Socio-economic and demographic variables, including age, gender, income, educa-
tion, employment, etc. have been widely used to approximate the energy and envi-
ronmental profile of the individual. In general, individuals with higher incomes and 
households larger in size tend to use more energy. However, higher income individu-
als also have relatively more capacity to adopt (costly) energy-saving measures and 
innovative energy-saving technologies, such as the installation of in-home insulation 
or the purchase of electric vehicles, which could result to high decarbonization impact 
(Abrahamse & Steg, 2009; Newton & Meyer, 2013). Geographic factors (urban, rural) 
were also found to be important in determining energy consuming behaviors. 

• Psychological variables concern factors such as personal norms, preferences, val-
ues, lifegoals and awareness of consequences associated with energy savings. Nu-
merous studies have highlighted what is known as the “attitude-action” gap, suggest-
ing that high environmental awareness including attitudes and intentions towards sus-
tainability does not necessarily imply corresponding behavior or result to high ecolog-
ical impact (Newton & Meyer, 2013; Schwarzinger et al., 2019). As such, factors like 
environmental self-identity play an ambiguous role in predicting actual environmental 
impacts, since people with high pro-environmental self-identity tend to behave in an 
ecologically responsible way but often focus on actions with relatively small ecological 
benefits (Moser & Kleinhückelkotten, 2018). Furthermore, some studies suggest that 
there are factors that outweigh attitudes, opinions and intentions as indicators of con-
sumer behavior; such factors include access to information, organization and finance 
(Newton & Meyer, 2013).   

• Energy consumption/Environmental lifestyles require the consideration of further spe-
cific variables that concern the individual’s energy behavior and use of equipment. 
Factors related to the individual’s lifestyle across different areas of life (e.g., housing, 
mobility, consumption, diet, information, and other/leisure activities). Indicatively: 

o Housing: consideration of the building characteristics (age, type, size, area, 
energy performance), space and water heating/cooling technologies as well 
as other electricity consuming devices. 

o Mobility: transportation used, travelling habits.  
o Consumption & Diet: durable and non-durable goods, nutrition habits. 

According to the review outputs, housing and mobility appear to have a higher impact 
on the development of distinct clusters in relation to other areas of life.  
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4.4 Collective level 

• Socio-economic and demographic variables are relevant also at collective level, in-
cluding the average age, number of people in a building/neighborhood/city/country, 
average level of education, occupation, income and expenditure of the group of peo-
ple. 

• Energy infrastructure is associated with availability and access to sustainable energy 
services/infrastructure, such as the availability of low carbon centralized or decentral-
ized electricity and heating/cooling (of space) infrastructure (e.g., existence of district 
heating) that can support the transition to decarbonization. Another relevant example 
is the ownership or intention to purchase an electric vehicle (EV). The decision to 
adopt this technology depends on the existence of charging facilities within the coun-
try. 

• Energy consumption patterns relate to electricity/heating loads, fuel use by activity 
(i.e., housing, mobility, and consumption at collective level), factors influencing ener-
gy-relevant decisions, time of use, etc. Numerous studies focus on the specification 
of energy behavior patterns at a building level and consider different variables for 
categorization of the buildings’ energy footprints. Clustering methods have been used 
to identify building electricity and heat load patterns. Like research at an individual 
level, fewer studies have considered heat energy consumption, when clustering build-
ings in terms of their energy footprint, while majority has focused on electricity con-
sumption profiles. It is recommended that both electricity and heating loads are used 
to identify energy behavior patterns to create useful insights for policy makers. Most 
studies have focused on residential buildings when trying to characterize the build-
ing’s energy behavior, and only a few have considered different types of buildings 
such as educational structures or the tertiary sector.   

• The environmental performance at collective level is associated with the measure-
ment of CO2 emissions footprint at a building or country level. The environmental per-
formance is correlated with both the energy infrastructure (electricity, heating/cooling) 
and behavior patterns across individuals’ different areas of life, as previously dis-
cussed. Consideration of the infrastructure could provide insights to policy makers 
about the expected energy behavior of the population at a specific scale, assisting 
targeted interventions and planning for CO2 footprint reduction. Relatively few studies 
have assessed CO2 emissions at a building level; most of them focus on country lev-
el.  

• Clustering based on citizens’ priorities/needs (affordability, sustainability, efficiency, 
etc.) is also relevant at collective level. Grouping of buildings and neighborhoods 
based on the identified priorities of the local population is expected to provide useful 
insights regarding the areas that should be targeted by policies and to inform a policy-
mix with multiple simultaneous objectives, for example simultaneous prioritization of 
affordability, security and sustainability aspects (Morrissey et al., 2020). 
 

Research studies at a collective level typically focus on developing energy profiles at build-
ing, neighborhood, city, or country level.  
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5 Summary and conclusions  
This report maps different clustering variables that can be used to derive citizens’ clusters for 
decarbonization at two different levels of analysis: individual and collective. In the context of 
this work, the distinction between the two levels was on whether data were clustered on an 
individual or an aggregated level: an individual level would be everything from individual to 
household level and collective level would be data collected at a building, district or another 
spatial level. 

Citizens’ clusters for decarbonization may not necessarily involve citizens with common de-
mographic characteristics; rather, they may involve demographically diverse groups sharing 
common characteristics of energy behavior, or common priorities/needs, allowing the identifi-
cation of potential “hidden” commonalities. Indicative examples include readiness to embrace 
energy citizenship actions, carbon emissions profiles, response to energy citizenship initia-
tives, as well as access to sustainable energy services/sources and energy poverty.  

The key motivation to identify groupings of people sharing common characteristics is to ena-
ble the efficient design/implementation of policy measures, as well as to capture the key de-
termining factors characterizing different groups. Such groupings can inform policy makers 
on the citizens’ profiles and the profiles of groups of citizens that should be targeted to max-
imize energy savings and carbon emissions reduction potential, as well as to support deci-
sions on the appropriate policy initiatives that should be put forward to tap into this decarbon-
ization potential. 

At an individual level, major variables for clustering energy behaviors were categorized as 
socio-economic and demographic, psychological, energy consumption/environmental life-
styles and other contextual variables. Most studies found in literature have focused on elec-
tricity consumption patterns, while fewer considered heating/cooling energy.  

At a collective level, major variables were categorized as socio-economic and demographic, 
energy infrastructure variables, energy consumption patterns, environmental performance, 
and other contextual factors. Adopting a collective approach can contribute to the formulation 
of spatially targeted policies for energy efficiency and conservation. 

Key conclusions derived from this critical review are summarized below: 

• Most studies focused on deriving clusters to distinguish groups based on their energy 
consumption patterns (Abrahamse & Steg, 2009), their pro-environmental lifestyle 
(Newton & Meyer 2013) and their motivation to adopt innovative technologies (Moon 
et al., 2021).  

• The sociodemographic variables such as age, location of residency, income, educa-
tion, as well as the psychological ones, e.g., personal values, willingness to change, 
and motivation were found to be key clustering variables. Contextual factors such as 
access to information, organization and finance can also be important and can out-
weigh attitudes, opinions, and intentions for behavior change.   

• A key attribute at both individual and collective level appeared to be the energy con-
sumption patterns across specific sectors, namely housing (electricity, heat-
ing/cooling) and mobility. Different temporal resolutions for energy consumption have 
been considered. Hourly, daily, and weekly energy usage data could help policy 
makers to recognize patterns and form proper schemes for changing citizens’ behav-
ior in the short- and the long-term. A lot of studies focus on electricity consumption by 
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end users (also due to the availability of smart metering data), while relatively fewer 
consider heating/cooling consumption patterns (mainly based on survey-based esti-
mations). A cross-sectoral consideration can provide more accurate energy usage 
patterns and potentially contribute to the introduction of targeted energy behavior 
change schemes.  

• Data on carbon emissions and electricity/heating consumption may be preferable to 
be collected at a building level, as this would result to more representative energy use 
patterns to be devised. Taking the relevant building variables into consideration could 
result to a more realistic estimation of the amount of energy consumed. For example, 
variables such as building type, age, heating/cooling energy systems, can assist to 
identify the energy intensity of its residents and address suitable schemes for building 
upgrades. It is unlikely that the carbon footprint of residents of an old, inefficient build-
ing can be reduced substantially by only changing the residents’ energy behavior; ra-
ther, this is an infrastructure issue, which needs to be addressed at a building level 
(e.g., through the installation of insulation systems). Furthermore, most studies have 
focused on residential buildings, while fewer have considered different sectors, such 
as the educational or the tertiary sector. 

• An interesting and potentially insightful way to cluster citizens and groups of citizens 
is based on their needs/priorities (affordability, access to energy, sustainability, effi-
ciency). Especially in neighborhoods/areas/countries suffering from lack of access to 
clean and affordable energy services (heating/cooling, electricity), factors such as the 
low income, the high energy costs, and the house energy performance are becoming 
increasingly important. In such cases, there are distinct categories of citizens whose 
priorities/needs are different.  

From the review of literature, it became apparent that there is need to continue studying en-
ergy and environmental lifestyles by looking at both individual and collective level clustering 
variables (individual, household, building, neighborhood, country), as aimed by a number of 
previous studies (Ashouri et al., 2019; Calikus et al., 2019; Reyna et al., 2016). Aggregating 
data at a higher level of analysis, while taking into consideration the relationship with de-
mographics, building characteristics and energy behaviors across different areas of life (as 
usually individuals are influenced by the activities of others located in the same area), can be 
effective for the development of spatially targeted policies for energy savings and decarboni-
zation.  

Finally, although there is an urgent need to accelerate the transition to a low carbon energy 
system, urging governments to develop policies focused on cleaner energy technology diffu-
sion, greenhouse gas emissions mitigation, energy savings and reduction of energy intensity, 
people’s needs and priorities (energy poverty reduction, access to cleaner energy services, 
environmental sustainability, among others) should also be taken into consideration whilst 
this transition takes place (deLlano-Paz, 2016).  
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 Appendix 
 

Table 1 Summary of key information of reviewed articles 

Author Individual 
level 

Collective 
level 

Clustering vari-
ables 

Number of      
Clusters Clustering    method Dataset name and size Region 

(Cornelius et 
al., 2014)  

P  Psychological 2 cluster-randomized con-
trolled trial high school students (n=165) USA 

(Reyna et al., 
2016)  P 

Sociodemo-
graphic, 

electricity us-
age, technical 
variables on 
building and 

appliance char-
acteristics 

5 max-p clustering American community survey LA and NY social and 
technical profiles 

(Gabe-Thomas 
et al., 2016) 

P  Energy usage 3 k-means data of social residents housing 
from Exeter, UK UK 

(Jafari-
Marandi et al., 

2016) 
 P Energy usage 4 self-organizing map based monthly energy consumption da-

ta for 30 buildings - 

(Zaharia et al., 
2017)  P Psychological, 

energy usage 7 hierarchical clustering 
methodology GDP of eu-28 EU-28 Member States 

(Ma et al., 
2017)  P Energy usage 11 partitioning around me-

doids 
3 years hourly heating energy us-

age 19 education buildings Norway 

(Fu et al., 
2018) P  Energy usage 5 fuzzy c-means (FCM) clus-

tering algorithm 533 households China 

(Diao et al., 
2017) 

P  Energy usage 10 k-modes clustering and PNN ATUS records USA 

(Knowles et 
al., 2018) 

P  Energy usage 5 ward’s minimum variance 13 households 1 

(Yao et al., 
2018) 

P  Energy usage 2 k-means and affinity propa-
gation 

energy demand research project 
(EDRP) (aecom,2011) UK 
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Author Individual 
level 

Collective 
level 

Clustering vari-
ables 

Number of      
Clusters Clustering    method Dataset name and size Region 

(L. Yang et al., 
2018) 

P  
Sociodemo-

graphic, 
energy usage 

N/A CH selection algorithm synthetic dataset for number of 
users - 

(Boucher et 
al., 2018) 

P  Sociodemo-
graphic N/A ordinary least squares 1670 zip codes in NY USA 

(Jiang et al., 
2018) 

P  Energy usage 13 fuzzy consumer categoriza-
tion and k-means US. non-residential consumers USA 

(Singh & 

Yassine, 2018)  P Energy usage 50 SVM UK-dale and AMPDS2 UK 

(Ma et al., 
2018)  P Energy usage 7 symbolic transformation 3 years hourly heating energy us-

age 19 education buildings Norway 

(An et al., 
2018) 

P  Energy usage 4 k-means and fuzzy cluster-
ing 301 apartments Zhengzhou, China 

(Beken et al., 
2019)  P Energy usage 2 k-means 2009-17 for 29 countries 30 

(Schwarzinger, 

Bird, & 

Skjølsvold, 

2019) 
P  

Sociodemo-
graphic, 

energy usage 
 impact-based lifestyle re-

search framework ECHOES 31 

(Caballero et 
al., 2020) 

P  Energy usage 6 clustering-by-compatibility 200 prosumers real and synthetic 
date - 

(Lara Lück & 

Albert Moser, 

2019) 
 P 

Sociodemo-
graphic, 

energy usage 
N/A k-means installed PV units Germany 

(Calikus et al., 
2019b) 

P  Energy usage 2 k-shape clustering 1222 buildings south of Sweden 

(Ren, 2019) P  Energy usage 4 k-means 10 dwellings Dutch community 
(K. Li et al., 

2019)  P Energy usage 10 agglomerative hierarchical 
clustering two university library buildings University of Wollon-

gong 
(Lin et al., 

2019) 
P  Energy usage 10 k-means power load data of American us-

ers USA 

(Ashouri et al., 
2019)  P Energy usage 2 k-means 80 buildings Japan 

(Buttitta et al., P  Energy usage 5 k-means UK national building stock UK 
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Author Individual 
level 

Collective 
level 

Clustering vari-
ables 

Number of      
Clusters Clustering    method Dataset name and size Region 

2019) 
(Gong et al., 

2019)  P Energy usage 5 GMM provincial data on CO2 and GDP China 

(Lu et al., 
2019)  P Energy usage 6 GMM energy station in Tianjin China 

(Zatti et al., 
2019)  P Energy usage 5 k-MILP the university campus case study Italy 

(Kennedy et 
al., 2019) P  Energy usage 6 linear methods and k-

means clustering BBOXX'S customer Rwanda and Kenya 

(C. Wang et 
al., 2019) 

P  Energy usage 5 GMM Swedish dh company heat usage 
for 561 users Sweden 

(Krayem et al., 
2019) P  

Energy usage, 
sociodemo-

graphic 
4 k-mean 2311 buildings Beirut, Lebanon 

(P. H. Li et al., 
2020)  P Energy usage 5 k-means 600 pathways UK 

(Testi et al., 
2020)  P Energy usage 6 k-means MERRA-2 worldwide 

(Simionescu et 
al., 2020)  P Energy usage 2 k-means EU-28 countries 28 

(Culaba et al., 
2020b)  P Energy usage 2 k-means and SVM 30 mixed-use buildings OpenEI and NREL 

(Shi et al., 
2020)  P Energy usage 4 k-means UCI test dataset University of California 

(Z. Wang & 

Hong, 2020)  P Energy usage 19 k-means the building data genome project North America Europe 

(Song et al., 
2020) 

P  Energy usage 7 k-means, hierarchical clus-
ter analysis, SOM 2248 households Holland, Michigan USA. 

(Neto-Bradley 
et al., 2021) 

P  
Energy usage, 
sociodemo-

graphic 
5 agglomerative clustering 23 households Bangalore 

(Creutzig et 
al., 2021)  P Energy usage, 

sociodemo- 4 double-stacked expert, ma-
chine learning 121 165 publications worldwide 
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Author Individual 
level 

Collective 
level 

Clustering vari-
ables 

Number of      
Clusters Clustering    method Dataset name and size Region 

graphic 
(Fang et al., 

2021) 
P  Psychological 7 piecewise symbolic spatial 

clustering 3117 records China 

(Khan et al., 
2021)  P Energy usage 6 k-means four multi-storied residential 

buildings Seoul, South Korea 

(Zhou et al., 
2021)  P Energy usage 5 k-means data of undergraduate and PhD 

dormitories China 

(Bogin et al., 
2021) P  Psychological 5 hierarchical cluster analysis 146 households Beer Sheva, Israel 

(Pancha-
bikesan et al., 

2021) 
P  Energy usage 5 k-shape clustering eight apartments Lyon France 

(Zhong et al., 
2021) 

P  Energy usage 2 k-means 1000 users Tianjin, China 

(Yan & Liu, 

2021)  P Energy usage 3 k-means 1,274 ACS Chongqing, China 

(Mi et al., 
2021) 

P  Psychological 3 expectation maximization 
(EM) algorithm 4422 households Xuzhou, Jiangsu, China 

(W. Yang et 
al., 2022) 

P  Energy usage 2 DBSCAN and k-means actual load data of 71 single 
household 

American Pecan Street 
Energy Project 

(Zhang et al., 
2022) 

P  Energy usage 6 DLDA and AP 5566 households London 
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