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Abstract: Occupant behavior controls a building’s energy system to adapt the indoor environment,
significantly increasing building energy consumption. Occupant behavior, which refers to the occu-
pancy inside a building and their interaction with building systems (windows, blinds, thermostats,
lighting and appliances, etc.), has been largely overlooked in building energy performance analy-
sis. These factors make it essential to design sustainable buildings. It is widely acknowledged in
the literature that there is an alarming performance gap between the estimated and actual energy
consumption in buildings. This paper proposes a systematic literature review on energy-related
occupant behaviors and their implications for energy performance. It aims to better understand
occupant behavior, existing behavior modeling approaches and their limitations, and key influential
parameters on building energy performance. It is based on a survey of ScienceDirect, Web of science
and Scopus scientific databases, using their bibliometric analysis tools together with the VOSviewer
software. Finally, this study identifies the following significant research gaps for future development:
limitations of the generic and robust occupant behavior model; lack of actual data for validation;
lack of research on different types of buildings (institutions, university buildings); limitations of
considering all factors which influence occupant behavior; missing the detailed realistic situations of
occupant behavior; integrating building information modeling (BIM) into building energy modeling.

Keywords: occupant behavior; occupancy; building energy performance; energy gap; energy simulation

1. Introduction

Over the past decade, there has been a significant increase in the need to ensure
buildings′ sustainability. The construction sector has enormous potential to increase effi-
ciency and reduce greenhouse gas (GHG) emissions in order to make a positive contribution
to tackling global climate change [1]. The impact of climate change on the environment and
human resources is forcing governments to strengthen policies on carbon emissions. An
example of carbon policies is the European Union’s (EU) target to reduce carbon emissions
by 40 percent by 2050 [2]. Therefore, climate change is the greatest threat and the most
significant environmental challenge of today and, indeed, of tomorrow.

There are initiatives to address the challenge of anthropogenic emissions contributing
to climate change and achieving pressing global targets for reducing energy consump-
tion [3]. For example, the Paris agreement and the Leadership in Energy and Environmental
Design (LEED) in the United States agreed to consider the influence of occupant behavior
on minimizing climate changes. Considering the behavior of the occupants at different
stages of the life of the building has a significant effect on increasing the energy efficiency
of the building and reduces its environmental impact [4–6]. Therefore, it is essential to
estimate energy demand at different stages of the building, from conception to operation.

Research shows that buildings are a key sector to impact energy demand and envi-
ronmental pollutants. The building sector consumes almost 30% of total global energy,
revealing great energy-saving potential, and system operation accounts for nearly 50% of
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the entire energy cost [7]. Another study confirmed that, in Iran, the construction industry
consumes about 35 percent of the country’s total energy. In the USA and Canada in 2018,
the energy consumption of buildings covered 43% and 11% of the total energy (80% of the
energy consumption occurs during the operating phase of the building) [8–10]. Likewise,
in Japan, China, India and Thailand, building energy consumption accounts for 26%, 35%,
35% and 15.4%, respectively [11]. Finally, in the EU and UK, energy use for the building
sector represents more than 40% and 39% of Europe’s energy [12,13]. According to the
International Energy Agency, the construction sector is responsible for 40% of all GHGs,
significantly contributing to global warming. Moreover, in recent years, this emission
related to the building sector annually increases by 1% [13]. Therefore, the building sector
is one of the areas that generates an energy imbalance between demand and energy sources
and generates emissions into the environment.

To address the potential energy and GHG crises, in the Kyoto and Paris Agreement,
there is an international imperative to reduce energy consumption and its associated
anthropogenic emissions that contribute to global climate change and pollution [3]. For
instance, the European Commission has defined a clear 20-20-20 target to reduce energy
consumption by 20%, reduce carbon dioxide emissions by 20% and increase the share of
renewable energy by 20% [12]. However, the next overall aim is to reduce GHG emissions
to be between 60 and80% by 2050 [2].

In this context, the targets set by the EU might be met by the year 2050 by proposing
methods for solving building energy efficiency issues as (i) implementing an intelligent
controlling strategy to building energy-consuming equipment, (ii) maintaining equipment
to maximum efficiency and (iii) increasing the environmental awareness of the occupant.
Occupant behavior is one of the main sources of uncertainty in building energy modeling
due to considering standardized schedules or predefined inputs that are oversimplified
descriptions of the complex reality [9,14]. However, the dynamic behavior of occupants is
difficult to analyze in numerical terms. Energy simulations are used to analyze complex
and dynamic inputs.

The purpose of this paper is to undertake a comprehensive review of existing studies
in this area to identify research trends and gaps for future studies.

2. Methodology for the Literature Analysis of the Behavior of Buildings and
Their Impact

This paper focuses on collecting relevant information on occupant behavior modeling
and integrating this into building performance simulation. Figure 1 illustrates that the
approach of this study is based on the strategic aspect of the research environment regarding
issues related to occupant behavior modeling integrated with energy performance simulation.

The literature review searched for different published and peer-reviewed papers,
considered as the most valuable source of information. The systematic review of the re-
search was conducted using Science Direct, Scopus and Web of science as the search engine
databases. Their integrated search engine was used to identify the relevant documents
and to group them based on pre-determined criteria such as publication year, citations,
relevance to form an inclusive set relating to the research area. The keywords used in
the literature search were “occupant* OR user OR human” and “behavior* OR behaviour
and building* and energy*”. These were the subject of a “full text” search (title, abstract,
keywords, text body), returning many results. To limit the number of retrieved papers, and
emphasize the most relevant ones, the following requirements have been applied:

• Only “Review” and “Research papers”;
• These articles must be written in English;
• These articles are available electronically;
• Articles must be from 2010 to 2020 (rise in interest in occupant behavior);
• Articles which are directly related to the objective of the review.
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Figure 1. Research flowchart.

Systematic literature reviews are based on 4 steps: (1) the documentation of review
requirements, (2) the commissioning of a review, (3) the conduction of research and (4) the
analysis of the review.

In this paper, the review process was, therefore, performed using the following steps
proposed by Kitchenham [15]:

• Titles and keywords analysis—Selection of articles by reviewing their titles and key-
words using search strings.

• Snowballing—Including additional documents based on checking references to previ-
ously selected documents. This process can be repeated many times as new documents
are found; however, only the first repetition was applied in this work.

• By abstract selection—Using the abstract for adding and removing criteria for nomina-
tions to be designated for the next stage.

• Full-text selection—Full text of the candidate papers from the previous stage, using
the adding and removing criteria for the final selection [16].

At the end of the search process, 1185 articles were selected based on the proposed
research topic and keywords in Figure 1. Figure 2 shows the annual distribution of retrieved
papers by scientific database. Figure 3 presents the five (5) journals that are the most
represented by the retrieved papers and their distribution in the 3 searched databases.
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Initially, a total of 1450 papers were retrieved from science libraries. Refining was
subsequently applied because not all documents were relevant to this review. Only docu-
ments published in the period 2010–2020 identified as “review and research papers” were
retained. The reason to choose these years is the recent rise in interest in occupant behavior.
After the detailed selection, a total of 1185 articles were selected for further general analysis.

According to the systematically reviewed papers, the most frequently used keywords
by the researchers in this topic area are “occupant behavior”, “building efficiency”, “build-
ing performance”, “thermal comfort” and “energy use/consumption”, followed by “ma-
chine learning” and “energy management”, as shown in Figure 4. Thus, this shows the
relevance of the behavior of the occupants associated with the energy saving of the building.
The term with the highest number of links is the occupant behavior.
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3. Co-Occurrence of Keywords

By browsing through the keywords of the literature articles and conducting a compre-
hensive review, VOSviewer tools can be used to identify sensitive topics using clustering
techniques. In this paper, a minimum of five (5) co-occurrences was used as a thresh-
old to map the keywords (Figure 5). Here, circles represent the number of keyword
co-occurrences, while lines connecting them represent those that could be retrieved in
the same paper. Therefore, the bigger a circle is, the more a keyword is present in the
literature review, and the bigger a line is, the more the connected keywords are related
in the literature. Finally, the generated color code determines the clusters, grouping the
keywords by topic. As shown in Figure 5, the research area is divided into four main
sections, some of which are related to building applications (office, residential, social and
commercial), building occupant behavior (window opening/closing and adaptive actions),
building energy performance (energy management, energy use and thermal comfort) and
building HVAC systems (heat pump).
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Figure 6 illustrates the keywords related to the occupant behavior in the area of
building energy simulation from 2016 to 2019. The color of the circle indicates the shifting
focus of the research topics. It shows that research in this area is shifting from occupation
to modeling occupant behavior and building simulation. Most researchers have looked at
certain behaviors of occupants, such as opening windows. Therefore, much work is needed
related to the other types of behavior changes that impact a building’s energy efficiency
(thermostat use, opening/closing doors and a combination of both). In addition, it shows
that building energy simulation was carried out for residential and office buildings; there is
no work on multi-purpose buildings, which indicates that further investigation is required
for these. Finally, the color code indicates the average publication years of keywords. This
makes it possible to estimate the popularity of a subject. For instance, the keywords in the
upper left corner of Figure 6 including “machine learning”, “heat pump”, “building energy
simulation” and “big data” are in yellow, meaning that these subjects are trending, while
“data mining” and “office building”, in purple, are the subject of older interest.
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4. Overview of Occupant Behavior and Brief Review of Modeling Approaches

Occupants can influence indoor energy performance by interacting with building
equipment. Energy-related occupant behavior in buildings can, therefore, be defined
as occupants’ behavioral responses to discomfort, and their presence, movement and
interactions with building systems that have an impact on the performance (energy, thermal,
visual, acoustical and IAQ) of buildings [17]. However, due to physical, physiological and
psychological differences between occupants, and other external factors such as economic
factors, users do not “receive, recognize and act” in the same way [18]. They may adapt
buildings to their own thermal comfort and improve indoor air quality (bringing in fresh
air and eliminating air pollution and odor), and acoustical (avoiding unwanted noise and
vibrations), visual (by controlling lighting (luminance ratios), reflections and glare) and
thermal (controlling indoor air temperature) conditions (Figure 7).
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Thermal comfort is defined as “the conditions of mind that express satisfaction with
the environment” [19]. A comfortable environment is a subjective state where the individual
is neither too hot nor too cold. It occurs when the temperature and humidity of the air
immediately adjacent to the body lie in between narrow ranges, where the air movement is
“pleasant” and the air quality provides a sensation of freshness [20]. An adequate comfort
zone with temperature and humidity where 80% of occupants do not feel dissatisfied, with
summer and winter clothing, when the metabolic rate is between 1 and 1.3 met, i.e., during
sedentary activity such as sitting in a lecture room or office, and average airspeed below
0.2 m/s is shown in Figure 8 [21].
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Despite the subjective nature of thermal comfort, two quantitative formulas, first
developed by Fanger [22], are used for its measurement: predicted mean vote (PMV) and
predicted percentage dissatisfied (PPD). Fanger’s thermal comfort experiments did not
enable individuals to interact with the environment; building occupants were considered as
passive receivers of the thermal environment controlled by HVAC systems [23]. However,
occupants are active agents, rather than passive ones. They find a way to restore their
comfort conditions if they do not feel comfortable in their environments [24,25]. Occupancy
and occupant interaction in building simulations have been modeled in deterministic and
stochastic ways, and these types of modeling are explained in the following subtopics.

4.1. Deterministic Occupant Modeling and Limitation

Traditionally, most building energy simulation tools reduce occupants to deterministic
behavior (occupant schedules), used as direct inputs. In building performance simulation
(BPS), occupant behavior and occupant interaction with building systems reflect environ-
mental changes to secure their comfort, considered as deterministic input. This provides a
simple representation of occupant behavior throughout the entire building life cycle [26].
For instance, in building simulation tools, the occupant behavior data are derived from
the American Society of Heating, Refrigeration and Air Conditioning Engineers manuals.
However, these manuals imply consistent schedules for different buildings, which can be
used to design the interaction between the building and the user when occupancy and
operating schedules are not defined. These schedules represent the occupancy or occupant
behavior in the form of a daily profile, and this is applied differently on weekdays and
weekends. A deterministic way of representing occupancy or building energy use is easy
to use and interpret. However, the main limitations of this approach are steady-state and
weak capturing of the stochastic behavior of the occupant [27].

Despite the simulation assumptions, there is no certainty that occupants will be
present in the space at fixed intervals or execute the predicted behavior regarding known
environmental factors’ triggering. This type of assumption leads to an estimate of the
difference between the simulated energy consumption and the real energy consumption of
the building. In their studies, L. ledo and Caroline et al. [21,28] found that by estimating
energy performance at the design stage, at which point there is no complete information
on the occupation and behavior of occupants in schools, offices and universities, the
differences ranged from 60% to 70% for schools and offices, while universities recorded
a difference of 85% between the actual and expected energy consumption. Similarly,
D. yan et al. [29] indicated that the difference in energy performance of a building due
to an occupant behavior effect can sometimes be as much as 300%. Additionally, R.C.
Sonderegger [30] suggested that up to 70% of the variation in energy demand in buildings
occurs due to the oversimplification of occupant behavior. Similarly, Gilani and Brien,
2019, ([14,31,32]) indicated that the measured electrical power consumption in a case study
was 30% different from what was simulated [33]. According to A.D. Galasiu et al. [34], an
individual’s preferred work plane illuminance ranged from 230 to 1000 lux. Simulation
results may indicate that maximizing window area will maximize the use of daylight.
However, increasing a building’s window area will cause the window shades to close to
protect from glare, and this significantly increases the use of electric light energy [35]. These
results indicate the misunderstanding of occupant behavior as fixed or deterministic input,
meaning that estimated energy performance does not reflect reality in any BPS.

4.2. Stochastic Occupant Behavior Modeling

We can consider occupant behavior to be stochastic, since behavior varies between
occupants and may evolve over time and is the result of complex relationships between
contextual factors, adaptive triggers and non-adaptive triggers [14,36]. Stochastic behavior
models can interpret the state of a building element as a behavioral proxy or, more precisely,
state transitions of a building element or indoor environment changing at discrete time
steps (e.g., every 15 min) or discrete events [37].
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As noted above, the attempt to reduce the performance discrepancy by accounting
for inconsistency between occupants has led to the development of models addressing
the stochastic nature of occupants’ behaviors. There is related research on integrating
stochastic occupant behaviors, for instance, Zhou et al. (2012) [16,38] developed a light
switch-2002 stochastic occupancy model to predict office lighting profiles. According
to C.F. Reinhart, (2003) [39], monitoring lighting control in ten offices, Taylor et al. [40]
observed a relationship between closing shades and the magnitude of vertical irradiance,
but opening shades did not reveal a clear relationship to the amount of incident solar
radiation. Y. Zhang et al. [41] studied the factors influencing blind operation in a naturally
ventilated building [29]. Finally, E. Vorger. [42] prepared probability distributions of French
survey data to predict long-term absences due to holidays and illness.

Others used a complex approach, for instance, Feng et al. developed a software
module to simulate occupancy based on the Markov chain concept. Similarly, J. Virote. [43]
improved the occupant behavioral model based on hidden Markov models to predict
building energy consumption using actual measured data with stochastic knowledge. They
reported that occupant behavior continues to play an important role in overall energy
consumption, although the technologies used in buildings are not yet effective. The models
they developed showed that different living styles produce different energy consumption
patterns and provided useful information to simulate the impact of the occupants on the
building in terms of energy consumption. Additionally, B. Dong et al. [44] developed
semi-Markov models to optimize occupancy schedules for lighting and HVAC control
related to occupant presence and behavior pattern recognition. Similarly, Erickson et al.
in [45] contributed to the temporal dynamics of occupancy by developing two advanced
Markov chain models from ground truth data collected from a sensor network. Their study
showed good accuracy in occupancy estimation and 42% annual energy savings could be
achieved by implementing real-time occupancy data into HVAC work schedules. The most
recent agent-based modeling has been used even for the consideration of individual interest.
M. Jia et al. [45] delivered a stochastic model capable of utilizing randomness in building
operations. The model also used agent-based modeling with respect to time-related factors.
The stochastic occupant behavior modeling method fails to consider the interaction of
individuals with the building system and with each other.

4.3. Multi-Agent-Based Modeling

A multi-agent simulation (MAS) consists of several agents interacting with their
environment, capable of flexible, autonomous action and interconnected to function in a
way exceeding the capacity of any single agent. Agents have three main characteristics:
reactivity, pro-activeness and social ability [35,46–49]. Reactivity is the ability of agents
to respond to changes within their environment. Proactivity refers to one’s goal-oriented
behavior, while social ability refers to the ability of agents to interact with other agents in
order to achieve their goals, as depicted in Figure 9. The environment that the agent can
perceive affects the agent’s perception, including the quality of the indoor environment,
thus enabling the agent’s behavioral options to adapt to the environment [50–52].

MAS could be used to better simulate and understand how occupants’ behavior and
activities impact energy consumption in buildings. MAS follows a bottom-up approach
which addresses the behavior and interactions of agents at a micro level and their influ-
ence on the macro level (energy consumption within the building). This can be achieved
through an unobtrusive wireless sensor network from which information can be gathered
on individual occupants going about their normal daily activities, reacting to their envi-
ronment, adjusting shading devices, opening windows or turning on the air conditioning.
P. Davidsson et al. [53] introduced a MAS framework using personal comfort agents, room
agents and environmental measurement agents for energy savings and occupant comfort in
office buildings. More than the system developed by Haberman, the increase in individual
satisfaction was achieved by adjusting the light and temperature according to individual
preferences. Building on the previous work involving MAS systems, L. Klein et al. [11]
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developed a multi-agent comfort and energy system to simulate alternative management
and control of building systems and occupants.
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Agent cognition is often based on the belief–desire–intention (BDI) model [54]. The
BDI approach has been the most prominent and sustaining. Beliefs are the set of information
that an agent has at a certain time about the environment in which they reside. They are
the knowledge set that an agent holds about theirs environment. Desires are long-term
goals that the agent tries to achieve. These desires may change over time. Intentions are
the agent’s short-term goals or the goals that an agent is currently trying to achieve. In
this system, an agent has beliefs about the current state of the environment and related
desires about what they want to achieve; they commit to an intent, which is the desire
they want to achieve. A plan is made up of a set of actions, preferably to achieve their
intent, where agents can obtain a belief about the state of the current environment from
a building performance simulation. For instance, Kashif et al. [55,56] developed a similar
approach to predict the use of fridge-freezers, where an occupant would first perceive their
hunger, secondly, conceive a desire based on social norms, household rules and culture,
then finally perform an action: remove food from the freezer, increase the electrical load on
the fridge and then cook. These approaches attempt to summarize the human decision-
making processes involved in each activity. However, they can lead to very complex and
unpredictable models with weak empirical bases. Paradoxically, this is their strength, as
relatively little data can be used to simulate reasonably reliable generalizations.

Occupants interact with building systems to respond to change through adaptation
and learning [57,58]. The MAS provides an opportunity to further understand the impact of
occupant behavior on energy consumption. While significant advances have been made in
research on multi-agent modeling of occupant behavior, most traditional simulations have
not incorporated these models. Most of the studies on the impact of occupant behavior have
not considered the implementation of simulation tools developed in a dynamic, real-time
and independent platform. Therefore, the above underlines the importance, advantages
and limitations of integrating the stochastic occupant behavior model into simulation tools.

These models cover a complete range of energy-related behaviors, but some parame-
ters have not yet been covered.
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5. Parameters Influencing Energy-Related Occupant Behavior

The energy consumption of a building is influenced by the physical and thermal
characteristics of the building and the behavior of its occupants. In this study, occupant
behavior mainly refers to the occupancy and the interaction with the physical systems of the
building in response to the external and internal environment, which can vary according to
individual (psychological, physiological) and social parameters. Therefore, energy-related
occupant behavior impacts building energy consumption and indoor environmental quality
(comfort and indoor air quality). Thermal comfort varies from person to person due to
psychological, biological, physical and social (occupant–occupant interaction, cultural
norms and economics) factors. These directly affect building energy performances [59].

According to Fabi et al. [60], driving forces refer to parameters that influence the occu-
pant’s interaction with building systems and equipment. IEA EBC Annex 66 specified that
occupant behavior is influenced by external factors such as culture, economy and climate, as
well as internal factors such as comfort, psychology and physiology (Figure 10 and Table 1).
Figure 10 shows how occupant behavior influences building operation, which will inher-
ently affect energy consumption and indoor environmental quality. This process triggers a
short-term effect on occupant behavior through psychological, physiological, and economic
factors, as well as some long-term factors such as comfort, culture, and the economic
situation. Therefore, occupant behavior and building performance are highly coupled, with
multiple feedback loops, making consistency challenging.
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Table 1. Internal occupant behavior-influencing factors.

Internal Driving Forces

Occupant-related

Psychological Expectations and needs of comfort, lifestyle and
habits, environmental awareness.

Social Interaction with other individuals, family
composition

Biological Clothing, age, gender and health activity.
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Apart from the above, Weerasinghe et al. [61] reviewed occupants’ behaviors inside
buildings, assessing the main driving factors for their actions categorized into six main
types of factors: physical environment, psychological, physiological, contextual, social and
time-related factors, as depicted in Figure 11.
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6. Previous Related Research on the Impact of Occupant Behavior on Building
Energy Performance

The featured studies are classified according to the methodology used, the building
type, the occupants’ interaction with the building systems and the effects of occupant
behavior on energy simulation and energy discrepancy as depicted in Table 2.

From Table 2, we can conclude that the main source of inaccuracy in energy simulation
is due to a simplistic or misinterpretation of occupant behavior. Conversely, considering the
behavior of the occupants when estimating the performance of the building significantly
decreases the energy gap or significantly increases the quality of the simulation. For
instance, C. Yu et al.’s [62] research showed an improvement in energy-consumption
prediction accuracy by 14% of the total building floor area and 16% of the total living
area. Similarly, L. Klein et al. [11] found a 12% reduction in energy consumption and a 5%
improvement in occupant comfort were realized, as compared to the baseline reference.

In this study, residential and office buildings, respectively make up 40 and 33 percent
of the literature review. Similarly, commercial and educational environments, which make
up 6 percent of the same review, are not adequately covered (Figure 12). Therefore, further
research is needed to determine the impact of occupant behavior on these building types.

Sustainability 2023, 15, x FOR PEER REVIEW 14 of 25 
 

 

Figure 12. Building types used in the literature review. 

Most of the research on this subject focuses on the influences of the behavior of the 

occupants on the energy performance of the building, focusing on a particular behavior. 

As shown in Figure 13, windows, lighting and occupancy cover 20, 18 and 32%, respec-

tively, of all building system interactions. These are the behaviors that attracted more 

than 60% of the previous researchers in this field, even though the others have an impact 

on the energy performance of the building. Although the subject areas of domestic hot 

water (2%) and building heating systems (radiator, 2%, and floor heating, 2%) have pre-

viously been limited, these parameters have started to appear in the current journals. 

 

Figure 13. Different occupant and building system interactions. 

7. Building Performance Simulation and Limitations 

Building performance simulation (BPS) is the most important approach for analyz-

ing the energy consumption at the design stage of a building. It depends intrinsically on 

Figure 12. Building types used in the literature review.



Sustainability 2023, 15, 2440 12 of 23

Table 2. Review papers related to published year, type of occupant behavior, methodology,
building type and the impact of occupant behavior on building performance (x_ not considered,√

_considered).

Ref. Year Journal/
Conference

Occupant Behavior
Methodology Building

Type
Impact

Window Light Shade Thermostat DHW Occu.

[7] 2017 Journal
√

x x x x x Simulation Residential
90% change in

heating and
cooling

[62] 2019 Journal
√ √

x x
√ √

Simulation Residential

14%
improvement

in energy
consumption

[63] 2017 Journal x x x x x
√

Simulation Office -

[64] 2013 Journal
√

x x x x x Measurement Residential -

[65] 2013 Journal x x x x x
√

Simulation Residential Zero energy
gap

[66] 2012 Journal x
√

x x x x Simulation Office
50% increase

in lighting
energy

[67] 2020 Journal x x x x x
√

Measurement Residential

32–60%
improvement

in energy
efficiency

[68] 2018 Journal x
√ √

x x
√

Simulation Residential -

[26] 2013 Journal
√

x
√

x x
√

Simulation Commercial -

[69] 2017 Journal
√ √

x x x x Simulation Residential 2% energy
difference

[70] 2018 Journal
√

x x
√

x
√

Simulation Office -

[14] 2020 Journal
√ √

x
√

x
√

Measurement/Simulation- -

[71] 2011 Conference x x x x x
√

Experiment Office

17.8%
measured

energy
reduction

[72] 2018 Conference x x x x x
√

Measurement Educational

[73] 2013 Journal x x x x x
√

Simulation Office 50% less
energy

[74] 2018 Conference x x x x x
√

Measurement Office

[11] 2011 Journal x x x x x
√

multi-agent -
12% reduction

in energy
consumption

[75] 2018 Journal
√ √ √ √

x x Simulation Office/Residential

[4] 2019 Journal x
√

x x x
√

Simulation Residential

22.9% average
deviation from
measurements

to 1.7%

[76] 2019 Conference x x x
√

x
√ Simulation/

Measurement Office
25% and 15%

energy use
variation

[77] 2017 Conference x x x x x
√

Simulation Residential

[78] 2018 Conference x
√

x x x
√

Measured Office Considerable
change

[79] 2018 Journal
√ √

x x x x Measurement/Simulation-

26–58%
reduction in

the
discrepancy

[5] 2017 Journal x x x x x
√

Measurement Institutional

[80] 2019 Journal x x x x x
√

Agent-based Residential

[81] 2015 Journal
√

x
√ √

x x Simulation Residential

[55] 2012 Journal x x x x x
√

Simulation Residential

[82] 2020 Journal x x x x x
√

Simulation Office

[83] 2014 Journal x x x x x
√

Simulation Office

[75] 2018 Journal
√ √ √ √

x x Simulation Office/Residential
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Most of the research on this subject focuses on the influences of the behavior of the
occupants on the energy performance of the building, focusing on a particular behavior. As
shown in Figure 13, windows, lighting and occupancy cover 20, 18 and 32%, respectively,
of all building system interactions. These are the behaviors that attracted more than 60%
of the previous researchers in this field, even though the others have an impact on the
energy performance of the building. Although the subject areas of domestic hot water (2%)
and building heating systems (radiator, 2%, and floor heating, 2%) have previously been
limited, these parameters have started to appear in the current journals.
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7. Building Performance Simulation and Limitations

Building performance simulation (BPS) is the most important approach for analyzing
the energy consumption at the design stage of a building. It depends intrinsically on the
design parameters of indoor environment quality [2]. BPS helps to speed up building
design, increase the efficiency of a building and it also possible to it use for deciding
on a wide range of designs and selecting the optimum [84]. Therefore, BPS has become
an important evaluation method during the design process and renovation of existing
buildings to predict energy performance based on the building’s physical characteristics
and usage patterns. The importance of energy simulation is increasing with the tendency
for more complex building designs and higher performance requirements in terms of
sustainability. The first simulation tool developed in the 1980s was used to calculate the
energy consumption of buildings from deterministic inputs using a simple mathematical
formula. The simulation results included area temperature, energy consumption of HVAC
equipment and indoor occupant comfort. Based on these outcomes, energy experts decided
to select a better design for achieving energy efficiency goals and environmental impact [19].

Currently, simulation tools use dynamic inputs to estimate different complex out-
comes. To use a simulation, the first and most important requirement is identifying the key
parameter that can be incorporated into the simulation for estimating building energy [85].

Energy consumption of buildings is related to various factors including the thermo-
physical properties of the building elements, their construction technical details (energy-
efficient building elements may not perform efficiently if poorly constructed), climatic
location characteristics, the quality and maintenance of the installed HVAC system and
occupants’ behavior and activities related to energy utilization [59,86] (Figure 14).

The occupant behaviors have a significant impact on energy performance. However,
this is not yet accurately represented in simulations. Occupant behavior impact on building
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energy performance is much larger than the thermal properties and processes. For example,
B. Bordass et al. [87] stated that the actual energy consumption in Probe’s air-conditioned
offices was twice as high as predicted. A study of 15 schools in the UK showed that actual
electricity consumption was around 60 to 70 percent higher than expected [88]. Building
energy simulation failing to predict these transition parameters leads to prediction errors
in energy demand models, resulting in a discrepancy between the actual and simulated
indoor environmental conditions and energy consumption [1].
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A simulation tool is used to estimate building performance in the design, construction,
operation and maintenance phases. The input information required to estimate the building
energy at the different stages is different. It is difficult to obtain all the required information
to input into the model and simulate the building performance. The lack of detailed
input data into the modeling can lead to inaccurate energy simulation. For example, lack
of detailed thermo-physical properties, work schedule, occupancy, HVAC equipment,
building function and occupant behavior may result in simulation inaccuracy.

Energy consumption at the operational building stage evaluation has been analyzed
in numerous research works. For example, in their experiment on 248 different apart-
ments, P. Reviewed et al. [30] found that energy demand varies by at least 71% due to
occupants’ behavior and individual variation when reacting change in the environmental
conditions [89]. In a study of 28 identical houses for two years, Maier et al. [56] found
a discrepancy of two in heating energy. Since the houses were identical, the primary
reason for the energy gap was the difference between the occupants, or generally due
to the occupant behaviors. From Yousefi et al. [7], the variation in the heating and cool-
ing of a residential building due to the changing of window type is 20%. According to
L. Visser et al. [90], studies indicate that the difference in energy efficiency between the
actual energy consumption and the calculated energy consumption can reach 80% due
to the occupant. They concluded that occupant behavior and preferences are significant
factors in the gap between the anticipated and the actual energy performance of a building.

Efforts to reduce the performance gap by accounting for variability among occupants
have led to the development of models to characterize occupant behavior and integrate
it into building performance simulations. This starts from the coupling of occupancy
and occupant interaction, for instance, window and occupant presence [8], integration
of occupancy and lighting [38] and the integration of occupancy, lighting and window
shades [91].

Likewise, when comparing an ideal and worst-case occupant scenario to demonstrate
the range of influence occupants have, Gaetani et al. and Muroni et al. [4,92] found
improvements in the total electricity consumption prediction from an initial 22.9% average
deviation of measurements to 1.7%.

Klein and Kavulya [11] found that a 12% reduction in energy consumption and a
5% improvement in occupant comfort are realized, as compared to the baseline control,
from the coupling of occupant behavior models of lights, windows, shades and temperature
set points into a building simulation tool. Although efforts combine the dynamic behavior
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of occupants to demonstrate the impact on building performance, the above integrate
completely different simulation tools or focus on a single office building and lack gener-
alization. This is partly addressed by Chapman et al. [93], who developed a multi-agent
stochastic occupant behavior model of occupancy, lighting, windows and shades using
building simulation tools. However, this approach is also software-specific, so does not
support more complex features and has not yet been proven to be validated.

8. Occupant Behavior Modeling and Building Performance Simulation: Toward
Integrated Approaches

The last few decades have observed a paradigm towards creating interoperable simu-
lation frameworks that can analyze a complex system effectively when compared to inde-
pendent and standalone simulation models [94,95]. A co-simulation refers to a framework
in which at least two simulators are coupled to communicate and exchange information
between them throughout the simulation time, as shown in Figure 15. The overall concept
of co-simulations is to model and couple dynamic energy-related behavior on building
energy performance simulation tools. The energy-related occupant behavior is grouped
into occupancy (no. occupants, arrival, departure, movement) and occupant–system in-
teraction, such as interaction with a window, thermostat set point, equipment, light and
window shade [96].
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In building performance simulation, co-simulation is a growing need for performing
coupled simulation. Traditional energy simulation tools assume deterministic behaviors to
estimate the impact of occupancy and behavior on building energy consumption, which
does not accurately consider the stochastic occupant behavior during operation phase of
the building [1,97].

For instance, T. Stephane, A. Nicoli et al. [98,99] developed agent-based modeling with
an occupant behavior functional mock-up unit that could simulate the presence, movement
and interaction with building equipment of each occupant, implementing the functional
mock-up interface of EnergyPlus for co-simulation purposes instead of using a separate
tool. R. Li et al., M. Jia et al. [82,100] developed a new method to model occupant behavior
for a single-occupant office, including control of lighting, plug load and thermostat, using
the tool in EnergyPlus that enables the co-simulation framework to couple EnergyPlus
with Java via a functional mock-up interface, to analyze the building energy performance.
Agent-based simulation was used to model occupants’ operations on windows, doors and
blinds and used the Building Controls Virtual Test Bed (BCVTB) to interface the influence
of these occupant behaviors on building energy performance [101,102].

J. Langevin et al. [48] used MATLAB to model occupants’ window opening/closing
behavior, use of heaters/fans and thermostat set point adjustments, and used the BCVTB
environment to represent the effects of these behavioral variation patterns in an energy
simulation. Similarly, Nouidui et al. [56,103] used the FMU scheme to couple an HVAC
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(heating ventilation and air conditioning) module that simulated the variations in sen-
sible and latent heat gain in a room with an energy simulation analysis to represent its
energy effects.

Co-simulation allows a more realistic and robust representation of occupant behavior,
and its aim is to couple two or more simulation tools, offering a data exchange environment
between subsystems. Co-simulation provides a flexible solution that allows simultaneous
consideration of network behavior and physical energy system conditions, as well as large
system evaluation opportunities [104]. Therefore, co-simulation incorporates the stochastic
occupant behavior model into an energy performance simulation and accurately predicts it
to address its contribution to reducing the performance gap.

9. Discussion and Research Gaps

A review of the key findings of the literature suggests the following research gaps:

9.1. Limitations of Generic and Robust Occupant Behavior Model

• Occupant behavior is difficult to model due to the stochastic nature and variability of
the occupants; it is necessary to explore the generic pattern of their behaviors and inte-
grate the information into the building energy model. In other words, the environmental
conditions in which an occupant resides will cause adaptive behavior, while energy con-
sumption may, therefore, be misused. Therefore, a valid occupant behavior model should
be able to simulate the actual users’ responses to the different environments.

9.2. Lack of Actual Data for the Validation

• In recent years, many researchers in this field have focused primarily on the impact of
occupant behavior on the energy optimization of buildings. The main drawback of
modeling the occupant behavior is the difficulty in showing the reality. The dynamics
of the occupant not only interact with the building systems, but also individually
reflect the changes in their surroundings to maintain their comfort. Coupling the
behavior of stochastic occupants in building simulations significantly reduces the
uncertainties of the real world. This cannot be ignored, because one of the main
objectives of modeling occupant behavior is to reduce the gap between real and
simulated energy consumption. However, almost all studies that applied the old
model to simulate stochastic occupant behavior are not validated.

9.3. Lack of Research on Different Types of Buildings (Institutions, University Buildings)

• There is a relatively high level of research in the domestic sector. The review research,
which studied the occupant behavior impact on building energy performance, has
focused on residential and office buildings (40 and 33%, respectively) and very little
research has analyzed commercial and educational (3 and 3%, respectively) build-
ings. The institutional and hospital building sectors (a total of around 3% of the
review) are particularly neglected, and require further research due to their significant
carbon emissions.

9.4. Limitations of Considering All Factors Which Influence Occupant Behavior

• The limitations of building dynamic simulations regarding occupant behaviors are
well known and several studies aim to overcome such obstacles. Occupant behavior
models have not yet been established and BPS tools do not enable the consideration
of several fundamental variables which influence human behaviors, such as physio-
logical, psychological and social factors [105]. Therefore, one of the main challenges
nowadays is to be able to accurately simulate a building’s energy performance with cur-
rent tools and to predict which share of this consumption is due to occupants’ behavior.
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9.5. Considering the Limited Number of Occupant Behaviors

• According to the literature reviewed, different types of occupant interactions with
building systems, such as adjusting lighting, thermostat setpoint, windows and shades,
were investigated. However, some areas, such as the use of hot water radiators and
domestic hot water (DHW), which have a significant impact on energy consumption
in an office building, have received slight attention. In addition, future investigations
of the relationship between the different characteristics of the occupants are necessary,
which will lead to more realistic estimates simulating the energy of the building.

9.6. Limitations of Coupling of Occupant Behavior into Building Energy Simulations

• Many studies contain detailed methods, including case studies, experiments, field
measurements, surveys and questionnaires, and simulations. The results clearly
show a clear direction in understanding how occupant behavior affects the energy
performance of buildings. However, the present results have significantly improved
the estimation of the energy behavior of occupants in buildings. Combining the
findings of these stochastic occupants with integrated energy performance simulations
to reduce the energy gap between predicted and actual values remains a major research
challenge in this area [99,106,107].

9.7. Missing the Detailed Realistic Situations of Occupant Behavior

• More recently, multi-agent simulations have been used to optimize the energy con-
sumption of buildings. This environment simulation method provides a realistic
method to model occupant behavior, which plays a major role in the building’s en-
ergy performance. However, in the current multi-agent approach, where agents are
representing occupants’ properties, such as tracking a person’s movement in a given
location and counting occupants, the level of detail is negligible [32,46,49,51]. Conse-
quently, the MAS modeling approach to modeling occupant behavior is not new, but
the extent to which it covers complex occupant behavior modeling is limited [10,56].

9.8. Integrating Building Information Modeling (BIM) into Building Energy Modeling

• The emergence of BIM provides an opportunity for building engineers, architects
and designers to give a solution for building energy modeling limitations such as
tedious model preparing, model inconsistency and cost implementations, and propels
the modeling process into the digital world. The energy consumption of the build-
ing is quite high, therefore, simulation tools are used by the designer to construct
an energy-efficient building and most of the analysis is conducted at the end of the
construction-drawing design stage, which means once the stage of selecting appropri-
ate material required for the building is already complete. However, the estimation of
building energy consumption at the first two stages of building design (preliminary
and conceptual) and the occupant behavior impact in post-occupancy have a huge
impact on the building energy consumption, which helps the designer to make a
decision related to selecting different suitable design models and understanding users
that leads to an energy-efficient building. BIM integrating occupant behavior into
building simulation tools is used by designers to improve overall energy performance
and the automation capabilities. However, building energy performance research
studies lack a digital BIM model coupled with simulation tools, and this leads to
wrong decisions and requires future research [12,108,109].

10. Conclusions

The impact of occupant behavior on buildings is a growing area of research in light of
the need to address the challenges of climate change. Many studies have investigated the
effect of occupants on energy consumption in buildings in order to reduce the performance
gap between the estimated and actual energy consumption in buildings. Occupants’
active and passive energy behavior (including opening windows, blinds, adjusting HVAC
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settings, hot water use, etc.) is not fully accounted for by current energy analysis tools.
Therefore, there is a natural need for energy models, researchers and designers to improve
the calculation of energy consumption of buildings by taking into account the energy
behavior of the occupants. The main challenge is the complex and dynamic nature of the
residents’ energy behavior, which is influenced by various internal and external, individual
and contextual factors. Therefore, the motivations and reasons of the occupants, as well as
the multiple factors that influence their decision to interact with building systems, together
with the impact of their actions on the total energy consumption of buildings, should be
studied in a multidisciplinary approach to include the reasons from sociology, psychology,
economics, engineering and design perspectives.

Approximately 73% of the reviewed studies, which directly studied the impact of
occupant behavior on building energy consumption, focused on residential and office
buildings (40% and 33%, respectively). A few studies analyzed commercial and educational
buildings. According to the reviewed publications, the interactions of different occupants
with the building systems were investigated, such as the use of clothing, floor heating,
radiators, ventilation (or air conditioning) and the use of building openings (windows and
doors). However, some areas, such as the use of hot water in some types of construction,
have a significant impact on energy consumption. In addition, future studies on the
relationship between different energy characteristics of occupants are necessary, which will
create more realistic hypotheses for the energy predictions of buildings.

Many studies contain detailed methods, including case studies and experiments using
pre- and post-occupancy surveys using a variety of qualitative and quantitative data,
resident monitoring (using sensors or observations), field measurements, questionnaires
and simulations. The results of these studies have contributed to a better understanding of
the influence of occupant characteristics on energy use in buildings. However, the results
have not yet brought significant improvements in the prediction of the energy behavior of
occupants in buildings. In particular, translation and integration of the findings of these
studies to reduce the difference between estimated and actual energy consumption in
buildings, and translating energy simulation tools into buildings have been major research
challenges in this area.
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