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Abstract: There are two primary ways to save energy within a building: (1) through improving
building engineering structures and adopting efficient appliance ownership, and (2) through chang-
ing occupants’ energy-consuming behaviors. Unfortunately the second way suffers from many
challenges and limitations. Occupant behavior is, indeed, a complex and multi-disciplinary concept
depending on several human factors. Although its importance is recognized by the energy manage-
ment community, it is often oversimplified and naively defined when used to study, analyze or model
energy load. This paper aims at promoting the definition of occupant behavior as well as exploring
the extent to which the latter is involved in research works, targeting directly or indirectly energy
savings. Hence, in this work, we propose an overview of interdisciplinary research approaches that
consider occupants’ energy-saving behaviors, while we present the big picture and evaluate how
occupant behavior is defined, we also propose a categorization of the major works that consider
energy-consuming occupant behavior. Our findings via a literature review methodology, based on a
bibliometric study, reveal a growth of the number of research works involving occupant behavior to
model load forecasting and household segmentation. We have equally identified a research trend
showing an increasing interest in studying how to successfully change occupant behaviors towards
energy saving.

Keywords: occupant behavior; household; residential building; household classification; load forecasting;
energy savings

1. Introduction

The proportion of energy consumption from the building sector constitutes a large
part of the overall energy consumption around the world, accounting for almost 40% of
total electricity consumption within the European Union (EU) [1]. In developing countries,
such as India and China, this figure is lower and is projected to rise steadily in the coming
decades as a result of accelerated urbanization [2]. For instance, almost 90% of the total
energy consumption in United Arab Emirates (UAE) in 2013 was due to buildings because
of its warm environmental conditions, rapid developments and urbanization in known
emirates, such as Abu Dhabi, Dubai and Sharjah [3]. At a global scale, in the last decade, the
average energy consumption for general-use and residential buildings reached, respectively,
32% and 24% of the total energy consumption in UAE [4]. In residential buildings, the
use of lighting, appliances, electronics, air conditioning, and space heating accounts for
considerable parts of the total energy consumption worldwide. For instance, in developed
countries, such as the USA and EU countries, most of the residential energy consumption is
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attributed to electrical energy [5]. Therefore, attention is paid to saving electricity through
using energy-efficient appliances. Such a saving strategy is a low-hanging fruit also used
in developing counties, namely, Brazil, China and India, where the efficiency of equipment
and appliances is highly required [6].

Indeed, many initiatives have been directed towards saving energy in buildings.
These efforts can be divided into two categories: (1) device-efficiency-based saving, and
(2) occupant-behavior-based saving [5,7]. In the first category, residential energy consump-
tion can be significantly reduced by increasing the efficiency of household appliances and
mandating efficiency standards. The building equipment, lighting, heating and cooling
devices are subjects of energy-efficiency standards expansion and strengthening. In fact,
various standards are being developed for a wide range of household devices, including, for
example, the reduction of “standby” power by keeping electronic device in a ready-to-use
mode. In lighting, many requirements are being established as 2020 standards, such as
eliminating incandescent lighting and encouraging compact fluorescent, light-emitting
diode (LED), and other advanced lighting systems [8]. The device-efficiency strategies
also constitute a main component of new programs to reduce energy consumption for
new-construction markets. These markets witness the appearance of new concepts like
net-zero energy buildings that do not only depend on the on-site energy generation tech-
nologies, but also on ultra-high efficiency heating and cooling systems, and cost-effective
LED lighting systems. To improve the energy efficiency of the UK’s residential buildings,
another interesting strategy, termed as “energy efficiency investments” is introduced, where
two types of measures are considered; namely, energy efficient appliances and energy ef-
ficient retrofits. According to Trotta [9], “Investments in energy efficient appliances” is
achieved by the purchasing of at least class-A energy efficient home appliances, while
“energy efficient retrofit investments” is realized by major structural improvements and
substantive physical changes to homes and buildings [10].

The second category of energy saving relies on changes of building occupant behavior
(OB), which is impacting directly and indirectly energy conservation. In a broader sense,
OB in buildings is defined as human interaction with any object that results directly
or indirectly into energy consumption. Therefore, OB-based saving strategy passes by
convincing occupants to change their behaviors. The success of this exercise is closely
governed by the strength of the causality relationships between certain OBs and energy
consumption. These relationships constitute the vividness of the arguments that incites the
energy-use related behaviors to be changed, which is not always straightforward [11]. For
this aim, a number of works have advocated that behavioral changes could save up to 50%
in heating and up to 70% in lighting [2,7]. Figure 1 presents end-user energy breakdown
which is constituted of heating ventilation and air conditioning HVAC (chillers; primary,
secondary or tertiary pumps; boilers; Air Handling Unit (AHU); Fresh AHUs; Fan Coil
Unit (FCUs)), internal and external lighting, electrical equipment and other miscellaneous
uses depending on building typology.

Moreover, it is revealed that through behavioral changes, the consumption of some ap-
pliances could be significantly reduced. Consumption of clothes washers and dishwashers,
for instance, could be reduced by a factor of two [12]. However, these examples of findings
need both, a scientific credibility and a message retention, to convince consumers towards
better energy-use behaviors.

Besides its impacts on everyday energy-use, OB is also essential for energy consump-
tion modeling. Indeed, ignoring or discounting consideration of OB will increase the
uncertainty in computing and forecasting energy consumption in buildings. This issue
can be observed, for instance, in energy simulation tools, where the complexity of energy
factors makes simulators assume an arbitrary occupant behavior. Subsequently, many
energy simulators and energy-use prediction systems are suffering from the absence of a
rigorous modeling of buildings occupant behaviors. Undeniably, large discrepancies in
energy consumption can be observed even among buildings with the same structures, same
functions, same locations, and similar occupancy.
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Figure 1. End-User Breakdown in Buildings retrieved From [13]. (a) In Warm Countries; (b) In
Cold Countries.

Therefore, taking into account occupant behaviors is crucial for an accurate energy-use
prediction and rigorous management of buildings [14,15]. Furthermore, some researchers
advocate that prospective occupants should be actively involved during the design and
operation of buildings to better understand and consider occupants’ behavior towards
energy-use efficiency [16]. For these reasons, promoting the rigor of studies on households
behavior and their impact on energy saving is of a high importance towards clean and
affordable energy. Many works involving households’ behaviors in different ways and
for different aims have been proposed during the last two decades [17–23]. However,
the existing reviews lack clear descriptions of OB. In the best cases, OBs were defined in
inconsistent ways, oversimplified, and most of their attributes were omitted. Moreover,
in some energy modeling works, OBs are mentioned, but never represented as inputs of
the built models. In the existing research works and particularly in energy simulation
models, the aspects of OB are not well understood and often oversimplified in building life
cycle analysis [24,25]. This is due to its stochastic, diverse, complex and interdisciplinary
nature. Although several reviews on consideration of energy-saving OBs were proposed
in the literature, they did not succeed to report, diagnose and discuss the topic from a
multidisciplinary perspective. Research works, such as those proposed, respectively, by
Hong et al. [24,26], Delzendeh et al. [25], Yan et al. [27], and Zhong et al. [28] have studied
OB-related topics from particular angles, resulting in a partial understanding of such a
highly complex problem. For instance, Hong et al. and Yan et al. have studied the OBs
data collection and modeling, while Delzendeh et al. as well as Zhong et al. have proposed
reviews with the objective of identifying the research gaps for future studies on OB. In
this work, we rather present an up-to-date big picture of OB consideration drawn from
recent research works. Following a multidisciplinary approach, we explore a range of
OBs definitions used in the literature, emphasize their drawbacks and suggest guidelines
for developing a comprehensive definition of OB. We also propose a new classification
of the major works, considering and promoting OBs based on bibliographical analysis.
Simultaneously, we identify critical limitations engendered by the interdisciplinary nature
of OBs. We summarize our findings and recommendations towards leveraging the use
of OBs. It is worth to note that this study is addressing the role of OB in energy saving
with abstraction of the energy sources. However, when writing the paper, more focus is
given on electrical energy. This is because electricity is the primary source of energy used
in almost all homes, followed by natural gas, which was used in 58% of homes [13]. In
addition, most of OB are appropriate for both electricity and natural gas energy, however
we illustrate them in the study by examples of activities and behaviours performed in cases
of electrical energy use. For these reasons, the role of OB in saving energy in homes is
abstracted regarding the source of energy. Thus, the study deals with appliances, energy
devices, lightning, and HVAC systems with abstraction of their sources of energy.
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The rest of the paper is organized as follows. Section 2 describes the research methodol-
ogy employed to study OBs as considered in the literature and provides quick bibliometric
findings. In Section 3, we gather different definitions of OB adopted by most research
groups. Section 4 proposes the major categories of works that consider OB, while in
Section 5, we present and discuss the main strategies of changing OBs for energy saving.
Lessons learned are presented in Section 6, and finally, Section 7 concludes the paper and
outlines our future work.

2. Research Methodology and Bibliometric Findings

The scope of this paper is to provide an overview of current trends in considering hu-
mans factors and behaviors into data-driven approaches for enhancing energy efficiency of
buildings. This research work was developed by reviewing related works and formulating
constructive views. In light of the defined scope, the end goal is achieved by adopting the
search methodology depicted in Figure 2, and inspired by [29,30]. This strategy is based on
six phases to carefully apply various literature searching processes to systematically review
relevant works.
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Figure 2. Research Methodology.

We started the research process with a selection of relevant databases and publications
to shortlist various journals related to the research area. We evaluated these journals
by evaluating the citation indexes against predetermined criteria of high quality journal
eligibility and relevance. Then, we defined the purpose and the objectives of this research
using keywords that we deemed essential for shaping our scope. These keywords include,
among others, occupant behavior, energy-use, energy saving, and building energy consumption.
We used these keywords to discover all articles within the defined scope, based on their
abstract or title, across all types of publication venues (journals and conferences). We
evaluated these papers using speed reading techniques such as skimming and scanning, as
prescribed in [31] on how to critically evaluate a paper to synthesize its main theme. The
paper’s theme was identified by reading its title and its abstract. Then, a cross verification
process was performed to validate the paper’s relevance to our objectives. This phase was
followed by a revision of the initial set of keywords to narrow our search scope and focus on
closer ideas to our review’s ultimate goal. According to the identified OB-related reviews
and papers, the most frequent keywords used by scholars in this subject area are occupant
behavior, energy consumption or energy use, energy simulation or modeling, energy efficiency or
performance, followed by comfort and behavior as depicted in Figure 3 presented by [25] et al.
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Figure 3. Frequency of keywords used in 43 journals. Reprinted with permission from Ref. [25].
Copyright 2017 Elsevier.

Consequently, we identified a number of papers using the stated strategic keywords.
We, then, classified these papers by paper type, namely: survey (Literature review or
interview/questionnaire type), case study, empirical experimentation, or pilot type studies.
Further, we synthesized the selected works to discover the shortcomings and the major
limitations, which helped to tailor our objective of promoting the consideration of OB in
modeling and managing energy consumption.

The phases of the review methodology allowed to discover shortcoming and limita-
tions at different levels of considering OBs in the research works. For instance, a primary
bibliometric analysis of the outputs of the first three phases revealed the findings presented
in Sections 2.1–2.3.

2.1. Occupant Behaviors Receive an Increasing Interest in the Recent Years

Google Scholar, Web of Science and Scopus databases, the leading citation index
organizations, were utilized to feed our bibliometric overview. The term occupant behavior
was used to select any paper where it was found in the title, abstract and/or keywords.
Figure 4 shows the result of such a search from 1980 to 2021, where we identified more
than 5850 publications, irrespective of the discipline of research or document type.

On inspection of the illustration in Figure 4, it is evident that the results related to
the impact of buildings OB on energy consumption were mostly published in the recent
years, between 2014 and 2021. Moreover, the number of publications considering modestly
OB, did not exceeded 50 until 2003. This observation was accurately in line with the
findings of Zhang et al. [28], who discovered that a rapid development in the interest in
OB was witnessed only after 2005, as described in [28] et al. Over the last 20 years, the
research community has increased the interest into OB-related topics, as illustrated by the
increase in the number of publications. The latter steadily rose from 2002 with a peak
of 450 publications in 2019, as illustrated in Figure 4. It must be noted that the number
of publications for the current year is unreliable at the time of writing, as this article is
written during the end of second quarter. Hence, it can be concluded that the number
of publications on OB topic is still to reach its peak and steadily seeking attention from
multidisciplinary researchers in different disciplines.
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Figure 4. Increasing Interest in Considering OBs.

2.2. Research Works on Occupant Behaviors are Majorly Led by Developed Economies

The search summary depicted in Figure 5 indicates the USA, UK and China are the
leading contributors on the OB research area. More than 90% of the identified research
works on OB topics are accomplished in 10 countries (including the Group of Seven:
G7) having the most developed economies. Therefore, such developed economies highly
recognise the importance of considering OB in energy consumption analysis. Unfortunately,
in the developing world, where the energy is mostly consumed at the household level,
OB studies are not attracting the interest of both academia and industry.However, OB
studies should also be of greater importance in the developing world, especially given the
impact of OB on saving energy. Moreover, it is notable that the simulation results, identified
within papers from the developed countries, are prone to be based on predefined climatic
conditions favorable to their region. This indicates that in other regions, probably with
harsh climatic conditions, like the equator band and the Middle East, OB should be studied
within different climatic and economic contexts.

Figure 5. Interest in Considering OB by Country.
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2.3. Building Energy-Saving Is Increasingly Considering OB Rather than Passive Building
Features and Operation

In correspondence to the subject areas, most of the OB-related studies are focused
on modeling energy consumption and tuning parameters with respect to the occupants’
interaction with the building design. This can explain why OB was more studied under
building engineering research area (i.e., 35% of OB-related publications) as depicted in
Figure 6.

Energy-related papers promoting low-energy consumption in buildings are advo-
cating passive design features, such as natural ventilation and daylight usage, and con-
ventional fixed-schedule operation of building systems. These features and predefined
building operations may affect the proactive occupant interaction when the level of comfort
is inconvenient.

Figure 6. Interest in Considering OB by Discipline.

However, recent research works are now moving towards considering instant occupant
behaviors models [28,32,33]. They use more detailed information that has not been widely
considered in energy modeling and analysis.

To constrain the search criteria by limiting the scope, focusing closely on the new trends
of considering OB, further searches were made through the already retrieved 5850 articles
(i.e., by considering only the keywords occupant behavior or behaviour). We limited our search
to the recent existing works published in the last two decades. We emphasized on the
influence of occupant behavior on building energy load using more relevant keywords
used in many recent works that consider OBs. Most of the keywords from these works
are shaping a trend towards instant OB consideration within data-driven approaches. In
particular, these trends are aiming at forecasting energy load, classifying energy-use, and
identifying energy patterns.

Examples of keywords include prediction, forecast, prognosis, classification, machine
learning categorize, pattern and synonyms along those lines.

These results correspond to papers (i.e., 485) that focus on forecast and prediction
of occupant behavior, on load forecasting while considering OB, and on comfort-related
studies. Their authors try to clarify a few gaps about considering some partial OBs in
the literature.

These search trends resulted in an increasing number of papers showing a growing
interest into involving OB, with its multidisciplinary facets, in data driven approaches to
analyze, model and forecast energy use. These results are illustrated by energy, as well as,
their use of OB studies, as depicted in Figure 7.
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Figure 7. Evolution of Considering Occupant Behavior Within Data Driven Approaches.

An overview of these works is presented in different sections of this study.

3. Definitions of Occupant Behaviors in the Literature
3.1. Applied Definitions of Occupant Behavior

Energy consumption is governed by any human interaction with energy-use. Many
works have adopted this statement and tried to define occupant behavior from different
points of view and according to certain research goals. Several definitions and descriptions
of OB are carried out in the literature. For instance, Zhang and Jia [34] used an engineering
approach to define OB, and Guo et al. [35] used a sociological pursuit, while several
researchers preferred using building occupancy as the major suit of features influencing
OB and, subsequently, energy consumption [36]. Detailed occupant schedules and control
settings were used by Hong et al. [16], where OBs are represented by 7 parameters set with
respect to three work-style categories of occupant namely, Austerity Standard, and Wasteful,
while other works only mention the necessity of including the effects of occupant presence
in the calibration of simulation-based models [37].

In other works, occupant behavior is represented by one or many occupant interactions
with control systems and building elements to reach their own personal desired level of
comfort [25]. This is done in different ways, ranging from opening and closing windows,
to using lighting and controlling solar shading (e.g., adjusting blinds) HVAC systems
(e.g., air-conditioning, thermostat temperature), heaters, and electrical appliances.

From a social psychology viewpoint, Guo et al. [35] review article on residential
electricity consumption behavior of consumers, considered number of family members,
lifestyle, age composition of family members, as well as the social status and economic
situation of a family, based on their objective, to identify a prominent intervention strategy
that promotes energy-saving.

Similarly, McLoughlin et al. [32] identified that socio-demographic household char-
acteristics, such as age of household members and social class, are also influential for
energy consumption. However, when socio-demographic characteristics are examined in
conjunction with behavior, they are often the variables of lesser importance [38].

In terms of other household characteristics, ownership of appliances was identified to
be with most predictive power of residential energy consumption [39]. Every household
in a building has its unique yearly consumption due to a wider array of appliances and
behavioral patterns [34,40]. Thus, variables, such as behavior and lifestyle, describing the
ways in which households use energy become relevant to research works targeting energy
consumption. However, the role of occupant behavior in the effectiveness of the building
energy-saving policy remains complicated.
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Characteristics of the buildings were also identified as an influential factor. Examples
of such building characteristics include the number of bedrooms [32], the kind of water
heater, as well as the type of air conditioning present [38], while socio-demographic house-
hold characteristics were in some studies [39] identified as more influential than building
characteristics, self-reported attitudes and beliefs about climate change were on the other
hand found to play an insignificant role when considered by itself [39]. However, a posi-
tive correlation was discovered between households with higher electricity consumption,
and to a large extent households that believed in climate change could make electricity
savings [39].

In works that compare particular types of factors related to households, it is empha-
sized that owned-appliances information is of greatest importance, followed by socio-
demographic household characteristics and then building characteristics.

The different perspectives from which OB is described indicate that there is a need of
an interdisciplinary definition of OB.

3.2. Theoretical Frameworks of Occupant Behavior

Variables, such as behavior and lifestyle, describing the way in which households use
energy, become relevant to research works targeting energy consumption. However, the role
of OB in the effectiveness of buildings energy-saving policies remains unclear. To relieve
this issue, Guo et al. [35] proposed to pay attention to three aspects, namely, the factors
influencing residential electricity consumption in social psychology, the theories of social
psychology in understanding residential electricity consumption behavior, and the different
interventions aiming at encouraging households to reduce electricity consumption.

Delzendeh et al. [25] proposed a framework, specifying the factors and sub-factors
that influence energy-related occupant behavior. Indeed, seven factors, namely, climatic
parameters, building type, sate of occupants, social-personal, economical parameters,
regulations and policies, and architecture, directly influence energy behavior of occupants,
as depicted in Figure 8, reproduced from [25]. The influencing factors are also broken-down
into 12 sub-factors to better explain the rational behind a specific occupant behavior. This
framework is useful to understand the interaction with building systems with respect to
the influencing factors and sub-factors. Indeed, given these factors’ status, the occupant
will proceed to interact with the building system and, in particular, with the energy devices,
in certain ways. For example, the occupants will control the indoor environment for health,
and to obtain thermal, visual and acoustic comfort inside buildings. Subsequently, these
factors could be subjected to rebound effects in terms of energy consumption.
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Hong et al. [41,42] proposed a technical framework to describe OB for buildings energy
simulation. This framework, as depicted in Figure 9, models the impact of the behavior of
occupants or groups of occupants on buildings energy use. The authors identified four main
components—drivers, needs, actions and systems. Each of these components is grouping a
set of aspects, reflecting different levels and state of occupant behaviors as follows:

• Drivers: represent the stimulating factors that provoke an occupant into performing
an energy-related behavior or an interaction with a system.

• Needs: represent the physical and non-physical requirements of an occupant that must
be met in order to ensure the satisfaction of the occupant with their environment.

• Actions: are interactions with systems or activities that an occupant can conduct in
order to achieve environmental comfort.

• Systems: refer to the equipment or mechanisms within a building with which an occu-
pant may interact to restore or maintain the environmental comfort of the occupant(s).

 

Drivers

Building

• Properties
• Location

Occupant

• Attributes

• Energy Attitude
• Location

• State

Environmental

• Climate

• Indoor
• Outdoor

• Weather

System

• Properties

• State

Time

• Day
• Month/ Season

Needs
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• Thermal
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• Hygiene
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Non Physical
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• Environmental 

Satisfaction
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• Social reward
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Building Transport

Cooking

Heating/Cooling

Hot Water

Lightining

Openings

Plug Loads

Solar Shading

Ventilation

Actions

Interact with 
system(s)

Movement

Inaction

Report 
Discomfort

Figure 9. OB Technical Framework. Adapted with permission from ref. [41]. Copyright 2015 Elsevier.

3.3. Occupant Behavior Data

Relevant types of occupant behavior data were gathered through several collection
methods; however, the granularity and quality of the resulting data depends upon the
methods used. Residential data was classified as available data set in addition to the data
gathered through data loggers, sensory data, censuses, questionnaires and interviews.
Many facets concerning households were based on socio-demographics, socio-economic
characteristics, while data that originated from a census often had a higher degree of
aggregation, such as a household mean or per capita [43]. Table 1 summarizes the different
data collection methods, identified alongside the various algorithms used by researchers.
In Section 4, we categorize the data collection processes according to the level of presenting
the consumption characteristics of occupants. Therefore, we distinguish among load profile
data, load signature and other OB meta data.
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Table 1. Data Collection Methods.

Consumption Granularity Data Collection Method Feature Type Time Scale Algorithm Ref.

Household Smart Metering, Survey
Load Profile,
Household

Characteristics
30 min

KNN, LDA,
Mahalanobis

Classifier, SVM
[44]

- -
Load Profile,
Household

Characteristics
30 min C4.5 Decision Trees [45]

- Smart Metering, Survey,
Weather Service

Load Profile,
Household

Characteristics,
Weather

10 min, 30 min HMM, EM, AdaBoost [7]

- -

Load Profile,
Household

Characteristics,
Building

Characteristics,
Weather

30 min, hourly,
daily

Linear Regression,
LDA [46]

Appliance Appliance Metering Active Power,
Reactive Power 1 s SVM [47]

- Appliance Metering,
Smart Metering Load Profile Hourly Binary Relevance,

Label Powerset [48]

- - Load Profile,
Load Signature 3 s Bayesian

Classification [49]

- - Load Profile,
Load Signature 10 s KNN, EM [50]

3.3.1. Load Profile and Load Signature

The energy consumption has different levels of detail; for example, as annual consump-
tion figures that originate from electricity bills showcase overall consumption measures
per month; or as time-series representations from smart meters which present day-to-day
consumption results. The latter is commonly referred to as load profiles; features derived
from load profiles are used to customize profiles in energy modeling. A basic ASHRAE
load profile can be used in place when this type of data is not available.

Another way of representing energy consumption is through load signatures, which
are fingerprints of the consumption patterns of specific types of appliances. Often, load
signatures are constructed and then, at a later stage, used for appliance identification.
Acquiring the detailed consumption traces needed for the creation of load signatures of
appliances involves some kind of intrusive metering of specific appliances. Alternatively,
the appliance rating plate data can be used to derive an appropriate load factor to estimate
the annual energy consumption.

3.3.2. OB Meta-Data

The process of collecting occupant behavior meta-data has to be comprehensive when
surveys, questionnaires or interviews are used. Otherwise, it may be collected automatically
by utilizing sensors, data loggers or by inferring activities based on appliance usage and
rating plate data. Ways of representing the data include both the sheer number of times an
activity (i.e., energy-use ) is performed, known as loading factor, and the time span during
which an activity takes place with respect to the maximum capacity of the load, known as
capacity factor.

In addition to the data expressing OB aspects, several external variables that deeply
impact occupant behaviors are commonly gathered for use in data-driven approaches,
namely weather data (climate-zones, the type of day such as weekends or national hol-
idays) and energy prices (tariff prices). The behavior segmentation output can be also
an input data that summarizes OB profiles. It typically involves unsupervised machine
learning algorithms and other approaches such as subgroup discovery. A multitude of
these segmentation techniques is used in the literature, each with their own advantages;
however, k-Means and Self-Organizing Maps (SOM) were favored (see Section 4.2.1).
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4. Major Categories of Occupant-Behaviors Related Works

Most of the existing research works involving occupant behaviors can be seen under
one of two categories, namely, (1) improving the energy load/consumption forecasting,
and (2) households segmentation. In these two categories of works, occupant behavior is
considered and represented either explicitly or implicitly, and with varying levels of details.

4.1. Improving Energy Consumption Forecasting

In the review of works on improving energy consumption prediction, OB is repre-
sented from different points of view and at different level of abstraction. For the sake of
simpler big picture, we distinguish among four major perspectives of representing OB
towards forecasting accuracy improvement: (1) OB seen as occupancy, (2) OB summarized
by load profiles, (3) OB represented by household socio-demographic characteristics, and
(4) OB seen as dominated by appliance-use patterns.

4.1.1. Improvements Based on Occupancy

Zhao and Magoulès [36] highlighted buildings occupancy as one of the major aspects
for predicting energy consumption. They discussed engineering models of varying fidelity,
as well as data-driven statistical and AI approaches. In addition to factors, such as weather
and operating systems present in buildings, they highlighted occupants presence and
behavior as one of the drivers behind energy consumption. They interpreted data in the sta-
tistical form called ARIMAX which was linked to electricity consumption and weather data
in an ANN model. Zhao and Magoulès [36] did not specifically discuss how detailed the
occupancy parameters were considered, even though they name it as “one of the aspects”.
However, Wang et al. [51] have reviewed statistical methods, that possess good abilities
to include variation in occupancy using the capabilities of data-driven artificial intelli-
gence approaches. In particular, Wang et al. [51] focused on contrasting occupancy single
learner models with ensemble models. In addition of reviewing the recent developments
in the artificial intelligence based approaches for energy use prediction, Wang et al. [51]
constructively, presented the issues associated with collecting data on occupancy. They
also summarized some findings related to the difficulty of acquiring of occupancy details
due to their stochastic nature and diversity. Amasyali and El-Gohary [52] considered
occupant behaviors and defined them via building-use schedules, occupancy levels, heat
gain (specific and latent) caused by occupants, and frequency of lights usage, alongside
parameters responsible for cooling load directly or indirectly. Such a consideration, as an
essence, is highly valuable to effectively derive building energy models with high accuracy.

4.1.2. Improvement Based on Load Profiles

A considerable portion of energy use within households stems from actions taken by
household members. Since such actions and behavioral patterns are highly variable across
and within households, accuracy of energy use prediction suffers as a result. A household’s
or occupant’s behavior patterns can be characterized through time-series data, known as
load profile that indirectly informs on household energy use. Laurinec et al. [53] found
households with similar behavior patterns in their load profiles through k-Means clustering
as a pre-step to predicting future consumption. Laurinec et al.[53] examined nine different
prediction approaches for forecasting the energy consumption of households, small and
medium enterprises using load profile data. They evaluated how profile load- based
clustering, as a pre-step, would improve the results. The authors clustered load profiles of
different households to find consumers with similar behavior patterns. The experiment
was repeated for seven methods while distinguishing between workdays and weekends
data. Significant improvements were observed for all the used methods. Hsiao [54] focused
on a single household load profile in Taiwan and instead of finding similar consumers,
used hierarchical clustering with Ward’s linkage to find groups of days that exhibit similar
load profiles. This was a part of a larger load prediction mode using load profiles. Daily
consumption was first clustered to find days with similar behavior patterns. Each cluster
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was treated as a class and aided by context characteristics such as weather, economic
information and a feature selection technique. This includes day of the month, wind speed,
humidity and whether the day is a holiday or a working day. Further, a Back-propagation
Neural future consumption. The proposed consumption forecasting model was validated
and compared to several existing ones. The authors’ findings confirmed that the proposed
model achieved the lowest error.

4.1.3. Improvement Based on Household Socio-demographic and
Psychological Characteristics

Building consumption and in particular the residential electricity is commonly seen in-
directly impacted by social psychology, socio-economic and demographic characteristics of
occupants [55]. Indeed, these factors are frequently described to potentially influence occu-
pant behaviors towards energy use. Guo et al. [35] reviewed works related to the behavior
of consumers and highlighted various influential demographic and socio-psychological
factors such as number of family members, age composition of family members as well as
the social status and economic situation of a family. The authors also reviewed works on
social psychology theory for understanding occupant behavior and advising prominent
intervention strategies towards energy-saving. They also identified various challenges and
opportunities for research in the ‘big data era’ such as using data from social networks and
online shopping information for analyzing the energy consumption of residents.

An energy conservation experiment on behavioral intervention strategies was con-
ducted in China by Shen et al. [19]. A total of 48 characteristics on personality traits of
occupants, demographics, building characteristics, weather information and other energy
behaviors of household were collected through surveys to predict future electricity con-
sumption. Akaike Information Criterion (AIC) was used for features selection and Support
Vector Regression (SVR) for prediction. The features selection was drawn from the survey
where behavior related to air-conditioning, lighting and household characteristics such as
number of family members, house size and frequency of cooking were highlighted. In total,
18 socio-demographic characteristics were highlighted and the rest was omitted for brevity.
An SVR model with a radial-basis function (RBF) kernel yielded the lowest MAPE at 6.63%.

Boulaire et al. [56] studied energy consumption in Australia at the district-level where
they use census, climate zone and aggregated energy data to predict electricity consumption
of residential households in a district. They highlighted relevant predictors based on socio-
demographic household characteristics for a district included the total number of people,
the number of households, the household income and the climate zone. By considering
these characteristics, the built forecasting models have achieved high electricity prediction
accuracies. Regression analysis was performed for predictions with AIC for feature selection
and Variation Inflation Factor for multi-colinearity investigation. The model was used to
investigate the effects of the global warming and the increasing population.

Motlagh et al. [43] focused on per capita consumption instead of households or appli-
ances and attempted to generalize the consumption to the state and the national levels. The
study was based on data from 130 households in Australia and included socio-economic
factors such as age, income and family composition. A prediction model using Neural Re-
gression and a Fuzzy Cognitive Map (FCM) was used and validated against reference data
from Australian statistics bureau. By achieving a high prediction accuracy, they argued that
estimating the per capita consumption was the fundamental element in a bottom-up model,
which can be scaled up to the state or national levels. Similarly, Zhang et al. [57] proposed a
framework for generalizing household-level energy consumption to a neighborhood-level
in the United State urban regions. They first linked a limited dataset of household energy
use with a larger dataset of household socio-demographic and economic information based
on their statistical properties. The authors subsequently tested nine different prediction
models to find that Elastic Net Regularization, a linear regression variant, showed the low-
est error and the highest R2 for the household energy-use problem using socio-demographic
data. Finally, the authors synthesized a number of representative households using the
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simulation tool PopGen 1.1 (https://www.mobilityanalytics.org/popgen.html, accessed
on 7 February 2022), and validated them on the Atlanta Metropolitan Area. Here it is found
that the proposed model gave similar estimations to the United States Energy Information
Administration (https://www.eia.gov/, accessed on 7 February 2022). Results showed
that households in the central metropolitan area and its peripheral areas consume more
electricity than households in other areas.

4.1.4. Improvement Based on Predicting Appliance-Use Patterns

Load prediction in buildings requires appliance usage prediction when future user
requests are not available. Predicting appliance usage and energy consumption is a non-
trivial task because of uncertainties associated with an appliance usage. There are several
works considering OB as potentially impacted by appliance-use patterns. For instance,
Basu et al. [48] proposed a general model using a knowledge-driven approach to forecast if
a particular appliance will start at a given hour or not. The proposed model was validated
using a dataset containing the consumption record of 100 houses for a period of one year.
The results of the prediction model indicated that the approach is able to predict accurately
the appliance usage.

To predict the load of each individual appliance in a household by using only load
profile, Arghira et al. [58] attempted first to divide the data into seven segments, i.e., one
segment for each day of the week. For each segment, they succeeded to compute the
probability of energy that appliances would consume on an hourly basis.

Similarly, sequential association rule mining was used by Cao et al. [59] to discover
frequent patterns of appliance-use in terms of order, duration and time-windows. A number
of Gaussian Mixture Models (GMM) were used for discovering these appliance use patterns,
based on circuit and appliance-level electricity consumption in one-minute intervals from
800 households in the United States. Relying on the data’s statistical properties, the authors
were able to predict accurately time-windows during which given sequences of appliance
usage events occur.

Albert and Rajagopal [7] modeled the energy use of occupants and learned a Hidden
Markov Model (HMM) per household through an EM-algorithm. The data used for this
study included a survey of various household characteristics such as appliance ownership
and occupancy along with weather information. The authors found that appliance-use
data is mostly explaining for the consumption magnitude. Furthermore, it was demon-
strated that learning a model per household was effective as each one is achieving a high
accuracy, while there existed significant variability across the data set of about 1100 house-
holds. While emphasizing the importance of predicting the consumption of appliances in
buildings in order to manage the global load, Din et al. [60] investigated techniques and pro-
posed Deep Neural Networks (DNNs) for short-term appliance-level power profiling and
forecasting. Several experiments have been conducted over real appliance-level data sets
gathered from many residential households, and a high prediction accuracy was achieved.

Other studies use data of a finer granularity; for instance, appliance consumption or by
modeling behavior of households directly. Some of the methods within this approach have
stochastic or probabilistic elements. For instance, Hawarah et al. [61] modeled household
behavior in order to forecast the probability of appliances being used at a specific time of
day to set up a home automation system. This was done based on a data set of start times,
duration of use, categorizing types of appliances and energy consumption of appliances in
10-min intervals. Bayesian Networks were applied for each type of appliance where hour,
month and weekday were modeled as causal nodes in the network. The authors were able
to successfully output probabilities that change over time but could not build a learning
system on top of it.

More load prediction works at the appliance level are needed for better consumption
forecasting at household and greater granularity-level. In this direction, Zhang and Jia [34]
argued that behavior modeling in residential buildings is far more complex than in com-

https://www.mobilityanalytics.org/popgen.html
https://www.eia.gov/
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mercial buildings, because of the vast diversity of appliances and behavior patterns, which
incite researcher to alleviate this complexity.

4.1.5. Summary of Load Forecasting Works Considering OBs

The accuracy of energy-use prediction models could be improved through a vari-
ety of approaches. For example, by using a pre-step of clustering to identify and then
construct more appropriate models or by employing feature selection methods such as
AIC to better choose the best household-characteristic predictors. Other works that con-
sidered OBs to improve load forecasting and other related solutions are summarized in
Table 2 as an additional sample to the 18 works described in Section 4.1. These research
works [19,43,53,54,56,57,59] are mainly described by their used household and building
characteristics, occupant behavioural characteristics, and machine learning techniques.

4.2. Households Segmentation

To better perform the segregation of households, occupants or their energy use be-
havior, a number of strategies were employed and described in the literature. These
research works advocate that involving occupant behavior and household characteristics
should improve the accuracy of segmentation models. In particular, improvements of
accuracy and load profiles determination were mainly achieved by using clustering of
household properties and energy-use behavior, classification of households, and buildings,
and determination of appliance load profiles.

4.2.1. Clustering of Household Energy-Use Behavior

Gullo et al. [62] clustered load profiles of electricity customers, primarily residential,
using k-Means and a novel top-down approach called TS-part to distinguish between
workdays and weekends. The authors investigated whether dynamic time warping (DTW)
could improve the results compared to the classical euclidean distance. Overall, TS-part
achieved higher quality clusters than k-Means, while DTW improved both algorithms.

Albert and Rajagopal [7] took an entirely different approach to model the energy
consumption of users and learn a Hidden Markov Model (HMM) per household through
an EM-algorithm. The HMMs are subsequently clustered to find similar households. The
data used for this study included a survey of various household characteristics such as
appliance ownership and occupancy along with weather information. A subset of these
data are converted into a set of binary questions and used for evaluating the model using
the ensemble method AdaBoost. The authors found that appliance-related questions are
mostly related to consumption magnitude. They concluded that learning a model per
household is more useful, while there exists significant variability across the dataset of
about 1100 households.

Jin et al. [45] performed subgroup discovery based on smart-metered and socio-
demographic data collected in the United Kingdom from nearly 5000 households. They
discovered subgroups of households, given various characteristics and targets as inputs.
The authors have empirically evaluated the effectiveness and usefulness of subgroup
discovery and proposed three new-quality measures for real-valued targets.

Pan et al. [63] performed k-Means on load profiles from two housing communities in
Shanghai. The data set consisted of data collected from very similar apartments where most
appliances were similarly pre-installed. This was done to minimize the effect of factors such
as a household’s size, differences in appliances and insulation. The authors also attempted
to factor in weekends and seasonality, to conclude that there is significant potential for
energy savings with young workers compared to older generations.

Albert and Rajagopal [7] proposed an energy consumer classification model to find
households with similar behavior based on their load profile. Weather information, socio-
economic and demographic data from a survey were also taken into consideration, but
not during the cluster analysis. The authors showed that temporal patterns of the user’s
consumption data are able to predict with high accuracy.
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Table 2. A summary of load forecasting additional research works considering OBs.

Consumption Granularity
Household/Building
Characteristics

Behavioural Determinants Other Characteristics Techniques References

Household - Load profile - k-Means [53]

Household - Load profile

8 Weather characteristics,
4 Time characteristics,
10 Calendar characteristics,
12 Economic characteristics

Hierarchical Clustering,
C5.0 Decision tree,BPNN

[54]

Household
23 characteristics, such as:
Family size, House size,
Frequency of cooking

27 determinants, e.g.:
Monthly consumption,
Air-conditioning use,
Refrigerator use,
Lighting use

Weather Intervention Strategy
AIC, SVR,
Linear Regression

[19]

Household & district
Occupancy type,
No. of adults, No. of children,
House rate, Age, Income

Annual consumption,
Occupancy pattern

- Neural Regression Model, FCM [43]

Household & district

Building structure, Tenure type,
Heat fuel type, Income,
Move in time, Year of building,
Number of bedrooms,
Total rooms, Household size

Annual electric bill,
Annual natural gas bill,
Annual other bill

-

Elastic Net Regularisation,
Lasso-, Ridge- and Linear Regression,
Bagging, Random Forest,
Gradient Boosting,
AdaBoost, Extra Trees

[57]

District

A total of 249 census
characteristics
collected from a survey, e.g.,
Age group, Education
Individual Income,
Household income,
Number of residents

Annual consumption Climate zone Regression Analysis [56]

Appliance — Appliance load profile Appliance load and signature
Sequential Association Rule Mining,
APRIORI, GMM

[59]
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Grigoras et al. [64] looked into the potential of self-organization for classifying energy
consumers based on their daily and monthly load profiles as well as minimum and maxi-
mum loads in rural Romania. A simple one-dimensional SOM, a clustering technique, was
used and a reduction in estimation error was observed from 3.85% to 2.14% compared to
previous work using AHC in Grigoras and Scarlatache [65].

In their study of automating classification of residential households in Switzerland
through their load profiles and a questionnaire, Beckel et al. [23] used a SOM to cluster
similar households based on a number of characteristics derived from their consumption
data. This was validated through data from the survey and a series of visualizations
where the authors concluded that only a subset of household characteristics, such as
number of bedrooms, could be inferred. Lastly, the authors conducted a series of inter-
views with energy providers to validate their attempts to find ‘high-potential’ consumers
for energy consulting-services. Cipriano et al. [66] took a different approach and at-
tempted to find representative households for blocks of buildings in Spain in an effort to
find influential factors in energy use utilizing electricity and gas bills. This was comple-
mented with a survey which included household characteristics and behavioral attributes
such as time spent at home, use of appliances as well as socio-economic information.
Motlagh et al. [67] investigated the impact of rooftop solar panels on residential consumer’s
electricity consumption behavior through clustering. Heavy emphasis was placed on
detecting specific patterns, such as a mid-day peak in consumption from recharging an
electric vehicle. Along with using PCA for behavior extraction, the authors employed
competitive learning through an unsupervised Hebbian neural network to identify similar
behavior patterns. This effort successfully revealed some general behaviors, but failed to
highlight certain specific behavior patterns.

Rahayu et al. [50] proposed a method of classifying on/off/standby state of appliances
using kNN, based on discretization of appliance load and an EM-approach to clustering.
The method developed by the authors had the capability to handle only a subset of appli-
ances in a residential household being monitored directly with regards to the training data,
while their load at the same time was included in overall household consumption. The
authors, carried out experiments upon 4 US households showing a high clustering accuracy.

4.2.2. Classification of Household and Building Characteristics

Another popular method was SOM (defined in Section 3.3.2) or Kohonen network,
originally introduced by Kohonen [68]. SOMs were used by Beckel et al. [44] to infer
household characteristics. The work was extended in Beckel et al. [23] by using a classifica-
tion model based on kNN, a linear discriminant analysis (LDA), a Mahalanobis classifier
and an SVM-based classifier. In the evaluation of the proposed models, data from 3488
Irish households was used along with a detailed questionnaire for various behavior and
household characteristics. The built classifiers succeeded to identify accurately household
and building characteristics label such as the floor area and number of occupants.These
labels are useful parameters for energy providers to shape premium services (e.g., energy
consulting) for their customers [44]. In a later study, Beckel et al. [46] used the same data
and classification model to determine if weather information can improve the model’s
accuracy. They observed an increase of 2.3%.

In an attempt to evaluate the usefulness of subgroup discovery when compared
to k-Means, Jin et al. [45] trained a C4.5 decision tree for classifying consumers based
on 14 socio-demographic factors. The subgroup discovery was successful in identifying
unusual patterns for groups of occupants.

As a pre-step to cluster load signatures of appliances, Hassan et al. [69] used k-Means
on data from the benchmark dataset REDD. They employed three diffrent approaches
for load signatures extraction in order to characterize consumption patterns of household
appliances. On comprehending this narrative description, Table 3 presents a summary
of the types of algorithms identified in various review papers based on clustering and
classification techniques.
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Table 3. A summary of research works on clustering and classification of households and buildings considering OBs.

Consumption
Granularity

Household/Building
Characteristics

Behavioural Determinants Other Determinants Techniques References

Household - Load profile - k-Means [63]

Household - Load profile -
Adaptive k-Means
Agglomerative Hierarchical Clustering

[70]

Household

89 characteristics, e.g.:
Number of home appliance,
Number of refrigerators,
Number of computers,
Air-conditioning

Load Profile Weather

k-Means,
k-Medoids,
Spectral Clustering,
HMM, EM, AdaBoost

[7]

Household

14 characteristics, e.g.:
Household composition,
Household income band,
Family lifestyle

Load profile -

Subgroup discovery,
k-Means,
C4.5 Decision tree,
Linear regression

[45]

Household

11 characteristics, e.g.:
Monthly income,
Number of appliances,
Type of refrigerator,
Space heating type

16 determinants, e.g.:
Monthly consumption,
Bi-monthly consumption,
Shower time,
Time at home

- k-Means, GTM [66]

Household

18 characteristics, e.g.:
Number of adults, children
Employment status, Social class
Yearly income, Retirement status
Building age, Number of bedrooms

Load profile, 22 derived determinants,
e.g.: Mean morning consumption,
Mean weekend consumption,
Maximum daily load

- SOM [23]

Household

12 characteristics, e.g.:
Number of residents,
Employment status,
Social class, Floor area

Load profile, 22 derived determinants,
e.g.: Mean morning consumption,
Mean weekend consumption,
Maximum daily load

-
Mahalanobis Classifier,
kNN, LDA, SVM

[44]
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Table 3. Cont.

Consumption
Granularity

Household/Building
Characteristics

Behavioural Determinants Other Determinants Techniques References

Household

18 characteristics, e.g.:
Number of adults,of children
Employment status, Yearly income
Social class, Family size
Floor area, Age of building

Load profile, 25 derived determinants,
e.g.: Maximum weekly load,
Weekly consumption,
Principal components

-
Mahalanobis classifier,
kNN, LDA, SVM,
AdaBoost, PCA

[22]

Household

18 characteristics, e.g.:
Occupancy, Age of family chief
Employment status, Yearly income
Age of building, Floor area

Load profile, 25 derived determinants,
e.g.: Maximum weekly load,
Weekly consumption,
Principal components

Weather information
Linear regression,
LDA, PCA

[46]

Household

8 characteristics, e.g.:
Appliance ownership,
Household size,
Number of rooms,
Building type

Annual electricity consumption,
Number of meal services,
Number of washing services,
Number of hot water services,
Number of entertainment services

- Stochastic Frontier Analysis [71]

Household

11 characteristics, e.g.:
Household size & income,
Type of heating/cooling,
Building size & age

Energy demand
Heating degree days,
Cooling degree days,
Energy prices

Stochastic Frontier Analysis [72]

Household
Appliance ownership,
Household income,& size

Annual electricity consumption Weather information Stochastic Frontier Analysis [73]

Household
Household size, & income,
Household floor area

Annual household consumption

Mean cooling-degree day,
Mean heating-degree day,
Ageing population ratio,
Electricity price

Stochastic Frontier Analysis [74]

Appliance -
Appliance usage start times,
Appliance usage duration

Hour,Day,Month
Weekend vs. Working day

Bayesian Networks [61]

Household Solar panel ownership Load Profiles -
SOM, GMM,
Hebbian Neural Network

[67]
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4.2.3. Determination of Appliance Load Profile in Buildings

Several works have been carried out in the literature to identify how appliances are
used by building occupants. For instance, Dinesh et al. [49] used a simplified version of
the Mean Shift Algorithm introduced by Cheng [75] to find representative load signatures
in their load disaggregation study. They employed a Non-Intrusive Load Monitoring
approach for appliances power profile/signal estimation based on Bayesian Classification
to track appliance status in a building. Similarly, Hassan et al. [69] have evaluated appliance
load signatures. They proposed an approach based on V-I trajectory—the mutual locus of
instantaneous voltage and current waveforms—for accuracy of prediction in classification
algorithms used to disaggregate residential overall energy-use and predict constituent
appliance load profiles. They used classifiers based on SVM, AdaBoost, ANN, as well as
an ANN combined with an evolutionary algorithm. The results of the presented approach
were obtained on power consumption traces aggregated from twenty types of appliances.
The derived models were robust and also competitive with existing approaches.

In the work of Basu et al. [48], appliances were identified from consumption traces
to predict future consumption trend. The authors argued that an intrusive approach
would improve prediction accuracy for load disaggregation with low sampling rate. The
processed smart metered data presented evidences that high energy consuming devices
were of primary interest with a sample using a time scale of 15 min, although authors
achieved good results even with a time scale of 1 h.

Dufour et al. [47] identified appliances via disaggregation on energy consumption
with a sample-rate of 1 s. For the identification of devices, SVM technique was used.

Summarizing these reviews, Table 4 presents methods and techniques that have been
used for energy disaggregation as identified in the relevant review papers with respect to
the granularity of the energy model data.

5. Changing Occupant Behaviors Towards Energy-Saving

Occupant behaviors heavily influence the degree to which energy waste takes place,
as well as the ability to shift-deferrable uses of energy to times of the day where more
renewable energy is available. Thus, changing occupant behavior is another angle for
achieving energy savings and for better utilizing the supply of renewable energy.

5.1. Changing Appliances Use-Behaviors

To determine the appliance groups for which households are able to save energy and
shift loads via changed behavior, Kantor et al. [20] used data from 18 Canadian households.
With this data, the authors compare a year of baseline consumption for each household
with appliance level consumption monitored over two subsequent years. First, the authors
identify households that saved energy or shifted load to off-peak periods by segmenting
them into groups, based on the change in the total amount of energy consumed and the
percentage-wise change in the amount of energy consumed in off-peak. Afterwards for
the households that managed to change, correlations were found in the appliance-level
consumption to determine how each household managed to change. The results show
that an ability to save energy correlate with changes in the use of air conditioning, high-
energy consuming devices and other appliances that require interaction with household
members to consume energy. An ability to shift loads were correlated with changes in the
use of brown appliances such as computers, wet appliances such as washing machines, as
well as other high energy consuming devices and appliances that require interaction with
household members to consume energy.

As shown by Kantor et al. [20], changes in behaviours provide the capability to save
energy and shift loads for many types of appliances, but the question is how to bring about
those changes in a way to achieve energy saving.



Energies 2022, 15, 1741 21 of 30

Table 4. A Summary of the reviewed research works on energy disaggregation.

Consumption
Granularity

Data Collection
Method Feature Type Time Scale Techniques Reference

Household Smart Metering, Survey
Load Profile,
Household
Characteristics

30 min
KNN, LDA,
Mahalanobis Classifier,
SVM

[44]

- -
Load Profile,
Household
Characteristics

30 min C4.5 Decision Trees [45]

- Smart Metering, Survey,
Weather Service

Load Profile,
Household
Characteristics, Weather

10 min, 30 min HMM, EM, AdaBoost [7]

- -

Load Profile,
Household
Characteristics,
Building
Characteristics, Weather

30 min,
hourly, daily

Linear Regression,
LDA [46]

Appliance Appliance Metering Active Power, Reactive
Power 1 s SVM [47]

- Appliance Metering,
Smart Metering Load Profile Hourly Binary Relevance,

Label Powerset [48]

- - Load Profile, Load
Signature 3 s Bayesian Classification [49]

- - Load Profile, Load
Signature 10 s KNN, EM [50]

- - Load Profile, Load
Signature 1 s,3 s SVM, ANN, AdaBoost [76]

5.2. Strategies to Change Occupant Behaviors

As discussed by Abrahamse and Steg [77], even though energy use is mainly deter-
mined by socio-demographic variables, it is not what drives results for changes in energy
use. According to the authors, energy savings are on the other hand associated with psycho-
logical factors. An overview of theories that attempt to describe the psychological factors
in relation to energy savings and behaviors are listed by Guo et al. [35], where a range of
intervention strategies to address the psychological factors are also presented.

5.2.1. Increasing the Level of Awareness and Commitment to Change

Behaviours that lead to energy waste frequently stem from a lack of awareness of the
actions that cause energy waste to occur, rather than wanting to waste energy. Strategies
that target the lack of awareness directly or indirectly are also present in the literature.
One of these strategies consists of directly providing information to people about the
benefits of saving energy and practical techniques to help achieve energy savings [25].
The information can be very general or be tailored specifically as feedback to a single
household [35]. A few examples of feedback mechanisms are given in the load prediction
study by Shen et al. [19], namely energy saving tips given on paper, via an online chatroom,
as well as a monthly face-to-face consultation. In Germany, a higher level of awareness of
how energy is spent within a household is shown to be increased through the installation of
photovoltaic panels. However, the increased level of awareness is necessary to achieve an
actual decrease in the total energy consumption of households, but not sufficient. Therefore,
subsequent effective changes in behavior and attitudes seemed necessary according to
Wittenberg and Matthies [78]. This can be supported by environmental motivation such as
providing information specifically for load shifting. An example is for utility companies to
give households information on what the percentages of renewable and non-renewable
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energy available in the grid are over the course of a day, such that changes in behavior is
encouraged [79].

One of the intervention strategies consists of establishing a commitment to change
within a household, for example through a contract or another form of promise. Another
method consists of setting a goal with a specific percentage to save in mind. The commit-
ment strategy works well in the beginning although the effect fades as time passes, whereas
goal-setting does not work well if the goal is either set too low or too high.

5.2.2. Reward, Incentives and Social Norms

Energy savings have also been achieved in households through the use of rewards and
incentives [35,80], which are often based on financial means, laws and regulations, as well
as social incentives. Financial incentives typically have immediate effects, whereas social
incentives work better in the long term. For financial incentives it has been shown that
household members act more frugal in terms of their consumption when they are respon-
sible for the energy bill [25], and that electricity pricing can be used as a mechanism for
load shifting [81,82]. Other types of rewards such as social incentives are also investigated.
For instance, Horne et al. [79] discussed the use of cultural aspects such as social norms,
as well as harnessing the competitive mindset of humans to cause changes in household
consumption behavior. When reductions in energy consumption are seen in a positive
light culturally, the authors show that more efforts to reduce energy consumption are taken
when publicly presenting efforts to reduce energy consumption. The authors concluded
that harnessing social norms as a driver for energy consumption savings is especially viable
in areas of the world where energy prices are low, and where financial incentives thus
might have limited impact.

As we have shown, many options are available to encourage changes in behavior.
Classification methods can be utilized to determine where to target a specific strategy.
To determine which strategy to apply, a similar approach to load prediction taken by
Shen et al. [19] is useful. Here the authors included intervention strategies as part of their
load prediction model, in order to correlate energy consumption, household characteristics
and the effect. Table 5 summarizes the reviewed research works.

Table 5. An overview of reviewed intervention strategies for encouraging changes in energy-use behavior.

Intervention Type Intervention Strategy Purpose Ref

Inform Increase awareness of energy-use behavior Energy Savings [78]

Inform Percentage of energy originating from re-
newable sources throughout the day Load Shifting [20]

Financial Incentives Dynamic electricity pricing Load Shifting [81]

Financial Incentives Responsibility for electricity bill Energy Savings [25]

Social Incentives Social norms Energy Savings [79]

Social Incentives Competition with peers Energy Savings [79]

Feedback
Given on paper
Given via an online chatroom
Consultation with experts

Energy Savings [19]

6. Lessons Learned

The outcomes of this study include the identification of a number of challenges while
considering OBs in different research works for improving the accuracy of load prediction
and households segmentation. Encouraging changes in energy-use behavior is also shown
to be a very complex problem. One of the rationals behind these challenges and drawbacks
is the lack of unified OBs’ ontology and definition. The targeted ontology should cover a
range of concepts, techniques and tools for OBs data collection and OBs modeling.



Energies 2022, 15, 1741 23 of 30

6.1. Challenges and Limitations

The evaluation of various papers leaded to the following main challenges and limita-
tions related to the definition of OBs as well as to the OB data collection and acquisition.

• Oversimplified definition of Occupant Behavior. Both adaptive and non-adaptive
occupant behaviors are mostly ignored or omitted throughout the whole building
operation process. In the best case, the definition of OB is oversimplified and the
occupant behavior is represented by one or few characteristics or activities of occupants
in a building. For instance, many researchers narrowed down OB to be expressed
as the occupancy rate [33,83,84]. However, as identified by Jia et al. [33], occupancy
is an important quantitative element of occupant behavior, but it is not sufficient to
represent the OB in many energy-use environments. Hence, a priority requirement is
to identify a more comprehensive set of quantitative aspects for defining OB.

• Lack of common agreement on validity and applicability of OB modeling in energy
simulation systems. In many research works, occupant behavior is found to be
important but its involvement in the energy simulation is limited to assumptions
rather than realistic behaviors that should be based on actual data. For example,
Peng et al. [85] assumed three typical lifestyles of occupants derived from a simple
description of occupant activities, in their simulation study. Other engineers employ
user-defined profiles to determine HVAC set-points, lights scheduling and plug-in
loads [86], while some user customized code for the similar operation [87]. More
details of these approaches are presented in [16].

• Occupant Behaviors are interdisciplinary and complex. Occupant behaviors are driven
by finding solutions to improve the occupant’s comfort, satisfaction and health, while
looking for potential energy savings behavioral programs, sociological, psychological
and engineering considerations have to be taken into account to identify a represen-
tative set of aspects of OBs and policy effectiveness from the building-level scale to
the community scale. For instance, some authors provide evaluations while engineers
provide more abstract and stringent solutions to improve building regulation codes.
Some researchers founded their OB’s description on human nature [41] which is in-
tricate and multifaceted. In this direction, Hong et al. [41] proposed a definition of
occupant behavior based on four components: drivers, needs, actions, and systems.
These components served to understand the occupant situations and their impact on
building energy consumption in an organized way. Other researchers advocated that
occupant behavior is very hard to model since individuals behaviors are too random as
pointed out by Tabak and devries [88]. The complexity of OB definition is also due the
double horizon from which we look at the OB. In the long-term, the occupant behavior
reflects the patterns or habits of building occupant. In the short-term, it represents the
occupant activities applied to HVAC, lighting schedule update, schedules based on
occupancy, and many other energy adaptive controls [33].

• Lack of agreed real-data on occupant behaviors. Despite the availability of a wide
spectrum of technologies that provide appropriate tools and equipment for OB data
collection, there is no clear agreements on what to record or to measure. Such a lack
of agreement is subsequent of the absence of a comprehensive definition of occupant
behavior. Hence, many researches opted to collect small data reflecting their in-
house OB parameters definitions, and many other research studies chose to simulate
occupant behavior and energy use based on assumptions rather than real data [16,33].
The lack of real OB-data for exact inputs was at the origin of discrepancy between
predicted and measured energy use [66]. However, it is worth to note that although
the shortage of real-world OB data, some studies succeeded collect partial data based
on real-time accurate occupancy collected by sensors [39,44]. We believe that with
a comprehensive definition of OBs, and its components, various types of devices
and tools such as sensors, meters, cameras, and image processing software could be
utilized to collect the relevant data for accurate modeling and energy simulation.
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• Survey for collecting OBs are erroneous, time-consuming but preferred. Collecting
household characteristic data which is not always available makes the surveys costly
error-prone and suffer from response biases [89] like social desirability bias [90], mean-
ing that respondents tend to answer questions in a way such that they are viewed
favorably by others as energy savers. However, self-reported attitudes and beliefs re-
garding climate change is still playing an insignificant role in energy consumption [39].
In spite of being time-consuming and error-prone, surveys seem to be the preferred
method of collecting household characteristics. However, obtaining such information
for each individual household inside a district is impractical, and census-data available
from districts is usually very limited with respect to consumption behavior.

6.2. Opportunities and Trends

The limitations identified in Section 6.1 indicate the need for identifying all quantitative
and qualitative aspects of OB in order to build a framework for a comprehensive and
unified OB definition inspired by the definitions and models reviewed in Section 3. The
intended rigorous definition shall be beyond the description of occupancy. It should include
the various aspects of behaviors identified across the different disciplines considered
separately and partly in the existing works. We believe that OB shall be defined using a
multidisciplinary approach. Construction engineers, social science specialists, economists,
building appliance experts, and energy modelers need to be involved in developing a
framework that brings together not only the factors influencing the OBs but also the metrics
representing them as well as the methods of their data acquisitions. The intended research
shall consider the following:

• A hierarchy of cross-sector factors influencing occupant behaviors
• An ontology that introduces the various representations of occupant behaviors, their

definitions, formal namings, properties, categories, as well as the relationships among
them. The targeted ontology shall consider a multidisciplinary approach in defining
the OB metrics and the methods of their data acquisitions in order to achieve an
agreement on what to record and measure them.

In addition to devising OB comprehensive definition framework, other opportuni-
ties and trends regarding alleviating data complexity, analyzing load profile, extracting
household characteristics, and clustering OBs as a prior step to load prediction.

6.2.1. Alleviating Data Complexity and Households Variability

We observe from existing works a number of challenges related to OB data variability
and the impracticality of studying the behavior of individual households at a district-
level consumption, where one needs to model every individual household by itself. The
trend is to statistically derive district-level consumption based on a subset of households
with characteristics that are representative of the households within a district. Such a
trend is followed by Motlagh et al. [43] and Zhang et al. [57]. Therefore, an alternative
to modeling individual households, is separating them into groups that behave similarly
before building prediction models. A similar challenge is when data is not easily available
in many geographical areas. Thus, work can be performed by using a small sample of
households for constructing a model, and afterwards using it to infer consumption at
higher levels of granularity, e.g., district or neighborhood. More works in this direction
could constitute an interesting opportunity for more accurate load prediction.

6.2.2. Analyzing Load Profile and Household Characteristics Extraction

As detailed, load profiles are increasingly available through smart metering, feature
extraction becomes a useful tool of deriving numerous behavioural aspects of households.
This approach is complementary to data collection of household characteristics through
surveys. In this direction, McLoughlin et al. [32] analyzed the load profile and extracted its
peakiness as well as the time-of-day in which the most energy is consumed. The authors use
these features to complement total energy consumption, in particular to further differentiate



Energies 2022, 15, 1741 25 of 30

between households by including the way in which energy was consumed. More elaborated
features were extracted by Beckel et al. [23], who introduced consumption ratios between
different periods of the day to take into account the variation of routines during a day. For a
given day, cross-correlation with previous days is also used as a descriptor of between-day
consumption similarity for a household. In this trend, Beckel et al. [22] in a recent work,
extended their feature extraction with Principal Component Analysis to derive more useful
features from load profiles. An appropriate level of detail in the data for both household
characteristics and appliance consumption, is established.

6.2.3. Clustering OBs as a Prior Step for Better-Performing Building Load Prediction

Clustering households that are similar in terms of energy-use behavior as a pre-step
when performing load prediction, improves the performance of models as demonstrated by
Laurinec et al. [53] and Hsiao [54]. Each cluster is used to train a model with less variance
and higher accuracy. As shown by Albert and Rajagopal [7], taking this even further and
training a model for each household seems like a natural extension as each household is
easier predictable than a population that exhibit a significant variability. Both approaches
are especially useful for residential households with a much wider array of appliance
ownership and behavior patterns compared to commercial buildings.

6.2.4. Differentiating Workdays, Weekend and Holidays OBs Data Granularity

Another research trend towards better considering OBs is to separate workdays from
weekends and holidays as occupants usually have different routines depending on the
type of day. Depending on the study and its aim, a diligent researcher should take the day
type into account, especially when dealing with fine-granular consumption data. For many
use-cases within load prediction, Basu et al. [48] argue that usage of high-energy consuming
devices such as ovens and dishwashers are of primary interest. For high-energy consuming
appliances, the authors found that an hourly or 30 min sample rate of consumption is
sufficient for achieving a reasonably good accuracy. When considering classification of
households in terms of their characteristics based on load profiles, Beckel et al. [46] found
that daily aggregations are insufficient while the difference in accuracy between 30 min
and 60 min aggregations is negligible. These findings show that the use of highly detailed
load profiles, does not necessarily offer better accuracy.

6.3. Potential for Future Research

Based on the reviewed papers, we identify a number of future research opportunities
related to energy-use behavior and energy savings of residential households.

Develop a comprehensive and consensual definition of OB. We have learned that
occupant behavior and household characteristics can be utilized differently through bench-
marking, clustering and subgroup discovery, as a pre-step for load forecasting and house-
hold classification. Currently, such a pre-step is successful in improving load forecasting
although it was often adopting a naive definition of OB based on static occupancy. We
believe that with more elaborated OB definition, household characterization pre-step will
be more accurate. This advocates the need for developing a comprehensive and consensual
definition of OB.

Leverage advanced machine/deep learning models. To the best of our knowledge,
many machine learning techniques are not yet leveraged for OB modeling tasks. For in-
stance, Reinforcement Learning with its concept of reward could be a good fit for occupant
education towards a saving behavior of energy. Big data analytics and deep learning are
also promoting techniques to identifying load profiles, especially when big consumption
data is being collected using new technologies such as smart meters and fine granularity
readings. Therefore, the sheer amount of data renders conventional approaches ineffective.
So, looking into the ability of deep learning variants [91–93] for analyzing time-series
energy-use data, is an attractive path. The adoption of explainable/interpretable ma-
chine learning models, as performed by Bouktif et al. in other domains [94–96], would
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be also an interesting future research direction to better understand and manage the fac-
tors that influence energy consumption. In line with leveraging data-driven approaches
Yannan et al. [97] used more than one machine learning techniques to propose a data
analytics framework for detecting changes in occupant behaviors and generating feedback
to impact incentive design.

Handling data privacy. Another concern is related the privacy of residential house-
holds and how to handle it. This happen after collecting occupant behaviors data, mainly
when smart meters are used. A solution path is to train a model for each individual
household, allowing to retain the ownership of private behavioral data. In this direction
the expertise of the model is shared instead of data. Research in this area is increasingly
encouraged by initiatives such as the General Data Protection Regulation [98] in the EU.
This regulation establishes stringent requirements that must be followed when working
with personal data, such as giving users rights to have their data erased. Besides, some
works were proposed to advocate using blockchain technology to protect the privacy of
occupant behavior when transferring HVAC data [99].

7. Conclusions

This study has reviewed research works on energy saving that involve occupant
behaviors and household characteristics in the residential sector, while underlining the
importance of OB for energy saving, we have identified three major aims for considering
OB, namely improving energy use prediction accuracy, improving classification accuracy
of occupants and households, and determining ways of changing occupant behavior. In
addition of exploring various facets of defining OB, the study presented the challenges and
opportunities of considering OB. We urge the development of a comprehensive definition
of OB to avoid oversimplification, complexity and omission of multidisciplinary aspect
of the user interactions with energy devices. Based on bibliometric findings, the study
pinpointed a number of trends such as, the rapid increasing interest in modeling OB to
achieve accurate load forecasting, and the need of leveraging data mining approaches to
alleviate the complexity of OB and its data volume. As an opportunity, we have detailed
how the classical method of collecting OBs through error-prone surveys can be substituted
by load profiles that are increasingly available through smart metering and other new
technologies. Feature extraction from load profile is another tool that becomes useful to
derive numerous behavioral aspects of households. Another opportunity that becomes a
trend is the clustering of OBs as a prior step for better-performing building Load prediction.
In this overview, many intervention strategies for changing behavior of household and
occupants have been also discussed, although achieving long-lasting changes remains
challenging. With respect to the privacy, it is a critical issue for collecting OB data and
developing individual household models that could alleviate the privacy but it will not
totally resolve it. The ultimate contribution of the current study is a rigorous discovery of
drawbacks, challenges and opportunities of considering OBs in saving energy.It is a useful
road map for potential research in energy saving based energy-use behaviors.
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