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Abstract
More than 30% of the total primary energy in the world is consumed in buildings. It is crucial to reduce
building energy consumption in order to preserve energy resources and mitigate global climate change.
Building performance simulations have been widely used for the estimation and optimization of building
performance, providing reference values for the assessment of building energy consumption and the
effects of energy-saving technologies. Among the various factors influencing building energy
consumption, occupant behavior has drawn increasing attention. Occupant behavior includes occupant
presence, movement, and interaction with building energy devices and systems. However, there are gaps
in occupant behavior modeling as different energy modelers have employed varied data and tools to
simulate occupant behavior, therefore producing different and incomparable results. Aiming to address
these gaps, the International Energy Agency (IEA) Energy in Buildings and Community (EBC)
Programme Annex 66 has established a scientific methodological framework for occupant behavior
research, including data collection, behavior model representation, modeling and evaluation approaches,
and the integration of behavior modeling tools with building performance simulation programs. Annex 66
also includes case studies and application guidelines to assist in building design, operation, and
policymaking, using interdisciplinary approaches to reduce energy use in buildings and improve occupant
comfort and productivity. This paper highlights the key research issues, methods, and outcomes pertaining
to Annex 66, and offers perspectives on future research needs to integrate occupant behavior with the
building life cycle.

Keywords: Occupant behavior; energy modeling; Interdisciplinary approach; Energy use, IEA EBC
Annex 66; Building performance
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Introduction

Occupant behavior (OB) has significant impacts on building energy consumption. Masoso and Grobler
[1] studied the electricity consumption in an office building, claiming that 56% was consumed during
non-working hours (exceeding the energy consumption during working hours), mainly due to occupants
leaving on lights or other devices when they left the office. Al-Mumin [2] drew similar conclusions from
a case study of a residential building, in which a high proportion of occupants left lights on even when the
room was not occupied. Bahaj and James [3] found that buildings with identical geometrical location,
building envelope, and shape could have differences in actual building energy use as large as 300%,
mainly driven by differing home appliance use patterns. Other researchers have identified notable energy
reductions through OB interventions. Wood and Newborough [4] studied the effects on real energy
consumption as a result of providing feedback on energy use and energy-saving suggestions to occupants.
The results showed that nearly half of the buildings had achieved an energy reduction of 10% to 20%. A
similar study conducted by Ouyang and Hokao [5] on appliance use also claimed an energy reduction of
about 10% by influencing OB. However, energy savings from such behavioral changes may not be
sustainable due to the rebound effect and other factors.
OB is also a key factor in the evaluation of energy-saving technology. Whether an energy-saving
technique performs as expected relies heavily on how occupants understand and interact with the
technology while the building is in use. Zhou et al. [6] simulated the energy performance of centralized
and decentralized air-conditioning systems based on a quantitative description of occupant use patterns.
The simulation results showed that the system type with the lowest energy consumption (between two
options) was dependent on the occupant use patterns. Guo et al. [7] studied improvements on building
envelope insulation and their effects on heating energy consumption in Shanghai, China. Similarly,
different use patterns were set and the simulation results suggested that the energy-saving potential was
related to the use patterns. In the case where the room temperature was at a low setting and occupants
only activated the heating when the spaces were occupied, the energy-saving potential with improved
insulation was rather small. Wei et al. [8] conducted simulation research on energy-saving potential by
improving the envelope insulation in an office building. They also concluded that OB influenced the
extent of energy savings.
The quantitative description and simulation of OB, as revealed from the aforementioned cases, plays a
fundamental role in accurately evaluating building energy performance and energy-saving technologies.

The challenge in OB modeling and simulation lies in its distinctive features: stochastics, diversity, and
complexity. Stochastics refer to the fact that occupants do not strictly repeat their behavior from day to
day, as their behavior is influenced by numerous factors. Peng et al. [9] produced an air-conditioning use
profile in a household where the times of air-conditioning operation varied every day. A data-collection
case study in office buildings from Mahdavi et al. [10] drew a similar conclusion from occupancy
observations. Diversity refers to differing behaviors among occupants even when the stimuli are the same,
due to different tolerances and comfort preferences. Surveys on occupant adjustment to thermal comfort
issues conducted by IFMA [11] collected thousands of responses on the manner in which occupants
restored comfort and found a large variety in occupant responses. Another survey in China [12]
investigated the driving factors of occupant operation of air-conditioning, claiming that occupants varied
in their behavior patterns. Complexity implies that OB has complicated underlying mechanisms and is
influenced by multiple disciplinary factors. Fabi et al. [13] grouped factors affecting occupant window
operation into different categories, namely, the physical environment and contextual, psychological,
physiological, and social factors. Foster and Oreszczyn [14] suggested that occupants residing in rooms
facing other buildings would lower their blinds out of consideration for privacy.
Inspired by and building upon the main outcomes and unanswered research questions of Annex 53, which
studied six influencing factors of real energy use in buildings, Annex 66 was established in November
2013 and is due to be completed by December 2017. The main goals of Annex 66: Definition and
simulation of occupant behavior in buildings are to establish a standardized OB definition platform,
establish a quantitative simulation methodology to model OB in buildings, and understand the influence
of OB on building energy use and the indoor environment. The ultimate target of the research in this
Annex is to reduce the gap between the simulated and measured energy use in buildings by modeling OB
quantitatively, integrating the models with building performance simulation programs, and demonstrating
the methodology through case studies.

2

Overview of the research from Annex 66

The purpose of Annex 66 is to establish a scientific methodological framework of OB simulation in
buildings, from data collection, modeling and evaluation, and software integration to applications
supporting building design, operation, policymaking, and other potential areas. The key research issues
with regard to OB simulation are identified in Figure 1, and their corresponding outcomes from this
Annex are highlighted.

Figure 1. Research activities, key issues, and main outcomes of the research pertaining to Annex 66

Annex 66 generated outcomes to improve the modeling and application of OB simulation. This paper
highlights the research and outcomes from five research activities within Annex 66; details and other
research activities are available in the final report. A monitoring guidebook was published to guide
researchers with a comprehensive review and instruction on OB data collection (Section 2.1). A
comprehensive study was performed for modeling approaches and evaluation methods, including a
review of existing OB modeling approaches and exploration of rigorous model evaluation practice
(Section 2.2). OB simulation modules were integrated into a standardized framework to represent diverse
and flexible occupant behavior in building performance simulation (BPS) programs (Section 2.3). A case
study sourcebook was written to bring together examples of building OB modeling and applications from
around the world (Section 2.4). Finally, an international OB survey was developed in an interdisciplinary
effort to investigate building-user interactions in workspaces by combining OB modeling with studies
from the psychological and sociological fields (Section 2.5).

2.1
2.1.1

Data collection
Research issues

Collecting data from building occupants is one of the critical elements during OB research. Over the
previous decades, there have been numerous occupant field and in-situ studies with different methods of
data collection to meet specific research goals, including modeling occupant presence [15–20], window
open/closed state and related environmental parameters for window opening/closing behavior [13,21–27],
curtain/blinds adjustment behavior [14,28–38], light switching behavior [34,39–41], and air-conditioner
adjustment behavior [17,42–44]. Furthermore, there have been a number of laboratory studies where
human subjects are put into a controlled environment with a specific scientific aim, such as identifying
thermal [45] or visual comfort [34,46], or social impacts on OB [47]. Surveying, a self-reporting
mechanism, is another way to collect data regarding perception and social aspects of OB [48–50].
Given the various methods available for occupant data collection, some general questions to answer
before performing any OB research are which data is needed and which data collection method is most
suitable for the specific research purpose. To answer these general questions, a series of research
questions were posed: (1) What is the type of occupancy and OB to be monitored; (2) What are the
current state-of-the-art occupant sensing (e.g., passive infrared sensors) and data acquisition technologies;
(3) What are the available occupant measurement methods (e.g., laboratory-based or survey); (4) What is
the best way to get ground truth data and validate them, and (5) to properly manage data; and (6) What are
some potential ethics issues with the data collection process? The activities of Annex 66 were carried out
with these questions in mind to provide useful outcomes for the OB research field.
2.1.2

Outcomes from Annex 66 activities

A comprehensive literature review on existing data collection methods was conducted with regards to (1)
OB data category, (2) occupant sensing method, (3) OB measurement method, (4) ground truth validation,
and (5) ethics issues. The purpose was to provide guidelines for future OB research activities. A summary
of this work is provided in the following paragraphs.
Occupant behavior data categories: Occupants can interact with various building systems and the built
environment through their presence and actions. Their behavior can be influenced by four types of
factors: physiological, individual, environmental, and spatial adjustments [47]. Moreover, potential
triggers and contextual factors influencing OB include internal (biological, psychological, and social) and
external (building and building-equipment properties, physical environment, and temporal) factors
[48,51,52].

Occupant sensing and data acquisition methods: Current state-of-the-art occupant sensing approaches
can be grouped into six major categories: image-based, threshold and mechanical, motion sensing, radiobased environmental, human-in-the-loop, and consumption sensing. In addition, nine performance metrics
have been developed to evaluate occupant sensing technologies: cost, deployment area, collection style,
power type, sensing range, accuracy, data storage, data collected by sensors, and deployment level. A
mixed sensing approach is often adopted in which various types of sensors are used together [17,53]. With
these technologies, occupant data can be transmitted through a building automation system (BAS), a
wireless sensor network, or the internet [54–57]. An ontology able to represent and incorporate multiple
layers of OB data in pertinent computational applications, such as building performance simulation tools
and building automation systems, has been developed and demonstrated [58].
Occupant behavior measurement method: The method of occupant measurement can be divided into
three categories: in-situ, laboratory, and survey. The in-situ method collects and monitors OB in their
natural environment, using existing or additional occupant sensors. In-situ studies can be performed over
a long period (up to years). Privacy, ethics, participant recruitment, and ensuring informed consent are
some of the challenges in using this approach [59]. A laboratory study is often performed in a wellcontrolled indoor environment such as an environmental chamber [60–62] or a dedicated laboratory space
[45,47,63,64]. Laboratory studies have many more controls than in-situ studies, and often involve
experiments using different environmental conditions to understand occupant perceptions. However,
laboratory studies are often expensive compared to in-situ studies and only last for a short time. In
addition, OB may be impacted by the Hawthorne effect (where individuals alter their behavior under
observation). Surveys are a self-reporting mechanism for personal behavior. Most of the time, surveys
provide a large sample size in a cost-effective way. In the context of this Annex, researchers reviewed
projects from the energy-related OB research literature that employed cross-country surveys [65] or
interview methods for data collection (such as transverse [66] and longitudinal surveys [67]), including
quantitative and qualitative methods. Research praxis highlighted the cross-country questionnaire survey
as one of the most useful methods to gain insights on behavioral patterns, drivers, causes, and perceived
effects of behavior and to find connections between human, social, and local comfort parameters [65].
Emerging methods include mixed-design methods [68] and virtual reality-based immersive environments
[69]. Sample size and survey data storage and management are all critical aspects to consider in
questionnaire design to avoid bias in results. Response rates can be kept high by providing respondents
with some incentives that motivate them to fill in the questionnaire, such as monetary awards [70] and gift
certificates [71]. Ethics protocols, privacy issues, and informed consent must always be approved before
handling human subject research [72].

Ground truth validation: The concept of ground truth has been adopted in other fields, such as computer
vision and biometrics, to refer to the underlying absolute state of information or to express the notion of
data that is understood to be correct [9]. Ground truth data in OB research often comes from sensors,
particularly cameras, and survey data [73]. There are no existing guidelines on how to validate occupant
measurements. However, a calculation of measurement uncertainty is often adopted to quantify data
quality. The measurement uncertainty is defined as the dispersion of the quantity values being attributed
to a measurand, which can be calculated by summing the contributions of each component of variation in
the measurement procedure.
Ethics: To conduct OB research studies, it is necessary to involve human subjects. Ethical conduct is
achieved by ensuring scientific validity and minimum potential harm to participants during the study.
Various countries have ethical committees and procedures such as the Institutional Review Board (IRB)
and the European Network of Research Ethics Committees (EUREC), while the World Health
Organization (WHO) has a Research Ethics Review Committee. Ethics should be considered with regards
to participant recruitment and risks. Informed consent is often used to address privacy and confidentiality
issues.

2.1.3

Key findings

Occupant data collection is not a trivial process and often leads to new research paradigms. Due to costs,
privacy concerns, and other socioeconomic factors, small-scale data collection is often conducted for a
specific OB study. Key findings from Annex 66 are described below.


Previous studies indicate that OB is influenced by various complex factors, including physical,
social, and psychological factors. Additionally, all previous studies focus only on one or two
factors correlating with a specific OB. No comprehensive study including all possible factors and



their interdependencies has yet been explored.
The application of current sensing technologies to OB research includes occupant presence,
people counting, human-building interactions (such as turning lights on or off and adjusting
thermostats and window blinds), energy consumption impacts of miscellaneous loads, and
movement tracking. Occupant sensing is costly and requires heavy maintenance efforts. The
future occupant sensor should be peel and stick, require minimal maintenance, and use an
extremely low power supply. Innovation should focus on new sensing elements, intelligent power



consumption management, smart processing, and minimum communication demands.
In-situ data collection is often used for long-term OB monitoring, with limited controls over
participant numbers, sample size, system, and space configurations. Laboratory studies have

flexible controls over the indoor environment and sensing equipment; however, they often only
focus on one or two environmental factors. The survey approach is used to explore a specific OB
(such as turning air-conditioning on or off), includes various physiological, social, and
psychological factors, and allows for a large sample size; however, it has suffered from issues


with uncertainty and data quality.
When collecting data through a questionnaire survey, although generally a low-cost option for
obtaining large-scale OB data in a short period of time, the data quality as well as inconsistencies
between what people indicate on the survey and what they actually do remains a challenge.

2.2
2.2.1

Modeling approaches and model evaluation
Research issues

Some factors responsible for the paucity of general procedures and guidelines for the evaluation of OB
models have been identified. Firstly, the development of an occupant-related behavioral model represents
a relatively recent domain of inquiry, and even though there is a considerably longer tradition of thermalcomfort research, it still faces similar challenges [47]. Secondly, a critical problem for model evaluation
lies in the limited availability of observational data. As data are hard to come by, models are often
developed and deployed with insufficient empirical justification, underlining the importance of broad
building monitoring efforts. Thirdly, behavioral models require the consideration of multiple
physiological, psychological, and sociocultural parameters. Many potential influencing factors have not
yet been identified, due to the weak signals of factors suspected to lead to behavioral manifestations.
2.2.2

Outcomes from Annex 66

A critical evaluation of the existing occupant modeling approaches has been performed based on a
literature review. The reviewed cases mainly focused on office buildings. Based on the literature review
and previous related studies [74], occupant models were grouped into three types: adaptive behavior
models, non-adaptive behavior models, and occupancy models. Four different forms of behavior models
were found: (1) schedules, (2) Bernoulli models, (3) discrete-time Markov models, and (4) discrete-event
Markov models. In the reviewed literature, adaptive behavior models were typically developed as weekly
schedules, Bernoulli models, and discrete-time or discrete-event Markov models. Bernoulli models
predict the likelihood of a building component with which occupants frequently interact at a given state
(e.g., the percentage of lights switched on at a given outdoor illuminance). Markov models predict the
likelihood of an adaptive action as a function of explanatory variables (e.g., the probability of a light
switching on in the next time step in a discrete-time Markov model, or at the next arrival in a discreteevent Markov model). Non-adaptive behavior models include weekly schedules, survival models, or

occupancy schedules from a similar building. Survival models for non-adaptive behaviors predict the
lifetime of an occupant action or the state of a building component with which occupants interact (e.g.,
the lifetime of blind positions before they are changed). Occupancy models can take the form of weekly
schedules, discrete-time Markov models predicting the timing and frequency of arrivals and departures,
and survival models predicting the duration of an uninterrupted occupancy/vacancy period.
To improve the quality of model validation practices in behavioral modeling, some key conceptual issues
and implications were clarified [58].


Performance simulation (dynamic computational representation of building behavior) should not
be confused with prediction. The main utility of building performance simulation lies in complex
systems analysis, rather than in accurate long-term predictions. The mismatch often observed
between simulation-based predictions and respective observations (the performance gap) can be
the result of multiple sources of uncertainty, pertaining not only to internal (occupancy-related)



processes, but also to external (weather) conditions, building fabric, and building systems.
The term deterministic, which has substantial philosophical baggage, is often used in a potentially
misleading manner to characterize fixed diversity profiles (e.g., assumed fixed schedules of
occupant presence) and rule-based behavioral models. Although the use of probabilistic methods
can improve the accuracy of simulation results, compared with homogeneous deterministic
diversity profiles and rule-based models (see for example D’Oca et al. [75]), it has not been
conclusively demonstrated that specific modeling methods automatically result in more accurate
simulation results. Section 2.4 Applications further illustrates what types of OB models are
appropriate for various application types (i.e., problems to solve).

2.2.3

Key findings

The strengths and weaknesses of the various model forms were identified. As a general conclusion, it was
found that switching on lights, closing blinds, and opening/closing windows by occupants are most
accurately modeled with discrete-time or discrete-event Markov models. On the other hand, survival
models adequately characterize occupant plug-in equipment use, blind opening, and light switch-off
behaviors.
With regard to the model evaluation challenge, Annex 66 found the following insights:


Data-driven probabilistic methods of occupant control actions can be very useful. This, however,
does not remove the need for fundamental studies of the motivational field shaped by
physiological, psychological, and social factors. Despite not yet being a common practice, the
inclusion of contextual and behavioral variables in building energy models can increase the
accuracy of predictive models for the human–building interaction in office spaces, thus

supporting optimized building design and operation and human-centered energy policies, as well


as enhancing occupant comfort and the usability of building technologies.
The validity of specific behavioral models can only be assessed via careful and transparent
documentation of the model development and evaluation processes. In this manner, independent
instances could require reappraisal of such procedures. Furthermore, behavioral models cannot be
deemed to be validated based on a limited set of observational data. Specifically, datasets for
model development and model evaluation should not be conflated. Likewise, one should not
extrapolate from a single behavioral study to all kinds of populations, building types, locations,



and climates.
As in other scientific research areas, the model evaluation process must be guarded against bias.
Internal evaluation by model developers is insufficient to establish the validity of a model.
External evaluation procedures, double-blind studies (e.g., Schweiker et al. [76]), and round-robin



tests can provide more convincing evidence for the reliability of a model.
To demonstrate the general validity of developed behavioral models, further study is required to
test the hypothesis that the intention to behave in a certain way is factually influenced by
individual motivational drivers, together with socio-physical factors such as attitudes, subjective
norms, and perceived behavioral control of the building technologies.

Given these observations, it is essential to exercise substantial care when integrating insufficiently
documented and tested behavioral models in broadly used simulation applications, lest tool users are
misled into assuming such models necessarily capture the reality of occupant presence and behavior in
buildings.
2.3
2.3.1

Occupant behavior modeling tools and their integration with Building Performance
Simulation programs
Research issues

Building performance simulation (BPS) programs have been widely applied to evaluate the performance
of building energy systems and technologies [68, 77]. However, OB—a key driver of building
performance—is usually represented in BPS models with oversimplified and predefined static schedules
or fixed settings and rules, leading to deterministic and homogeneous simulation results that ignore the
stochastic nature, dynamics, and diversity of OB [78]. For example, shading devices are turned off if a
space has too much solar heat gain (causing thermal discomfort) or too much glare (causing visual
discomfort), windows are opened if the indoor temperature is high and outdoor temperature is lower than
the indoor temperature, and the electrical lighting is dimmed or completely turned off if a space has
adequate daylight to meet the occupant visual comfort needs. However, occupants may interact with a
control system (e.g., open windows) for a variety of reasons, including: (1) feeling hot, as a thermal

comfort response, (2) feeling stuffy, as an indoor air quality consequence, or (3) arriving in a space, as an
event-driven situational driver [79].
Field measurement data and large-scale surveys have confirmed that stochastic occupant presence and
adaptive behaviors could be represented as probabilistic models of behavior [30], with independent
variables of indoor and outdoor environmental conditions (e.g., air temperature, relative humidity,
illuminance, and CO2 concentration), occupant presence and movement, and the operational conditions of
the building system (e.g., windows, lighting, plug loads, thermostat, heating/ventilation/air conditioning
(HVAC), shades, and blinds). Through the machine learning process, correlations can be established
between some observed–physical or situational–environmental conditions and the observed humanbuilding interaction [80].
Quantifying OB influence on building performance requires the integration of energy-related OB models
with BPS programs [81]. Popular BPS programs, including EnergyPlus, IDA ICE, ESP-r, DeST,
TRNSYS, and DOE-2, use various approaches at various levels of fidelity to represent occupant-related
input and to implement OB models for simulation. Typically, OB models are developed based on
independent variables and metrics. The selection of different drivers for similar OB models makes it
difficult to compare the models and incorporate them into BPS programs. OB models also tend to be
located in multiple locations of BPS program code, making any changes difficult to implement. A recent
review of modeling and simulation approaches for OB in buildings [82] discussed the problem of
transferring occupant models that have been developed based on selected observation studies to different
building models. Additionally, one of the key takeaways drawn from previous studies [83-85] has been
the lack of a standardized method to represent and implement energy-related OB models in BPS
programs.
The non-trivial environment of common simulation engines, which typically have unfriendly interfaces
and require programming knowledge and specific code validation procedures to incorporate custom
behavioral models, exacerbates the limited diffusion of OB models in current BPS programs.
2.3.2

Outcomes from Annex 66

Annex 66 developed quantitative representations of OB models and integrated them with BPS programs
to improve the analysis and evaluation of the impacts of OB on building performance. A comprehensive
review was conducted to identify and compare approaches to representing and implementing OB models
in eight of the most widespread BPS programs in the engineering and simulation community [85,86]. BPS
programs use varying and non-standardized input syntaxes to represent OB models. For OB model
implementation in BPS programs, four approaches were used: (1) direct user input or control using BPS
input syntax (all eight BPS programs), (2) user functions or custom code (EnergyPlus, DOE-2, and IDA-

ICE), (3) built-in OB models (DeST and ESP-r), and (4) co-simulation with dedicated OB software tools
such as obFMU (EnergyPlus and ESP-r).
A suite of new OB modeling tools has been developed by Annex 66 to capture the diversity, stochastic
nature, and complexity of OB in buildings. They thus improve the simulation and evaluation of
behavioral measures, as well as of the impact of OB on technology performance and energy use in
buildings.
The obXML is an XML schema to standardize the representation and exchange of OB models for
building performance simulation [84]. The obXML builds upon the drivers-needs-actions-systems
(DNAS) ontology [87]. Drivers are the environmental factors that stimulate occupants to fulfill a physical,
physiological, or psychological need. Needs are the physical and non-physical requirements of the
occupant that must be met to ensure their satisfaction with their environment. Actions are the interactions
with systems or activities that occupants can perform to achieve environmental comfort. Systems are the
equipment or mechanisms within the building with which occupants may interact to restore or maintain
their environmental comfort. A library of obXML files [88], representing 52 typical energy-related OB in
buildings, has been developed based on the literature. These obXML files can be exchanged between
different BPS programs, applications, and users. Figure 2 shows the four key elements and sub-elements
of the obXML schema.

Figure 2. Overview of the obXML schema

The obFMU [83] is a modular software component represented in the form of a functional mockup unit,
enabling its use via co-simulation with BPS programs through the standard functional mockup interface.
The obFMU reads OB models represented in obXML, functioning as a solver. A variety of OB models are
supported by obFMU, including (1) lighting control based on occupant visual comfort need and daylight
availability, (2) comfort temperature set-points, (3) HVAC system control based on occupant thermal
comfort needs, (4) plug-load control based on occupancy, and (5) window opening and closing based on
indoor and outdoor environmental parameters. The obFMU has been used with EnergyPlus and ESP-r via
co-simulation to improve OB modeling. Figure 3 shows the key components and workflow of an obFMU
co-simulation with EnergyPlus.

Figure 3. Key components and workflow of obFMU

It should be noted that other OB co-simulation platforms are also available, for example, the BCVTB
[89], and the Matlab-based MLE+ [90].
The Occupancy Simulator [91] is a web-based application that can run on multiple platforms and devices
to simulate occupant presence and movement in buildings, generating sub-hourly occupant schedules for
each space and individual occupant as CSV files and EnergyPlus IDF files. The Occupancy Simulator
uses a homogeneous Markov Chain model [18] and performs an agent-based simulation for each
occupant. A hierarchical input structure is adopted, building on the input blocks of building type, space
type, and occupant type, to simplify the input process while allowing flexibility for detailed information
that captures the diversity of space use and individual OB. Users can select an individual space or the
entire building to receive the simulated occupancy results.
Applications of these modeling tools are demonstrated by three case studies to (1) simulate and quantify
the energy-saving potential of OB measures in office buildings [92], (2) simulate and quantify the impacts
of OB on energy savings from building technologies [93], and (3) demonstrate an integrated approach and
workflow to simulate and visualize OB in office buildings [94]. The Occupancy Simulator was verified
by Luo et al. [95].
2.3.3

Key findings

Current BPS programs use diverse approaches to represent and implement OB models, which hinder the
exchange, reuse, and comparative analysis of OB models. There is a significant need for:



a common ontology (data dictionary) and data model to standardize the representation of OB



models and enable their flexibility and exchange; and
a modular software implementation of OB models adopting the common data model and enabling
a robust and an interoperable integration with multiple BPS programs.

To address these needs, three new OB modeling and simulation tools were developed.


The obXML provides a standardized method to represent OB models; enables their exchange and
use between BPS programs, applications, and users; and improves the consistency and



comparability of simulation results.
The obFMU enables the reuse of an OB model solver for all BPS programs through the FMI co-



simulation interface.
The Occupancy Simulator generates realistic occupant schedules for BPS, capturing the diversity
and stochastic nature of occupancy in buildings.

These tools help standardize the input structures for OB models, enable the collaborative development of
a shared library of OB models, and allow for a rapid and widespread integration of OB models in various
BPS programs. This ultimately improves the simulation of OB and the quantification of its impact on
building performance.
2.4
2.4.1

Applications
Research issues

The main issue regarding the application of OB models in BPS is the choice of the appropriate models for
a specific case [96]. Even when assuming that OB modeling standardization, evaluation, validation, and
implementation in BPS has been solved, there is still a lack of decision-support guidelines for selecting
which available model to use for a particular application [97]. Such guidance is an essential step towards
the practical implementation of OB models and is a significant need for practitioners [53].
The existing OB models can be grouped according to their complexity [97,98], from time-based
schedules, to rule-based schedules, to data-driven non-probabilistic models, to stochastic/probabilistic
models, to agent-based models. Agent-based models are the most complex, as they employ the
probabilistic methods depicted in Section 2.2.2 but add granularity in respect to occupant diversity. As a
general rule, a fit-for-purpose model is the simplest available model that meets the required accuracy in
performance predictions. In other words, a fit-for-purpose model enables efficient and reliable decision
making. Indeed, complex models should not be used if a simpler model would be adequate for a specific
application. Aside from fit-for-purpose modeling in terms of complexity, it is essential to deploy OB
models within their validity range, which should be made explicit [99]. Different buildings and
performance indicators are affected by various aspects of OB in different ways [100,101]. The adoption of

different model types for each OB aspect should depend on its influence on the results and on its ease of
prediction (Figure 4). Other issues concerning the application of OB models relate to the appropriate use
of higher complexity models [102] and the presentation and utilization of stochastic results [59]. A
framework to investigate OB influence on building performance is necessary from the initial stages of
building design [103], when the information about actual OB is still limited.

Figure 4. OB model selection according to the influence and predictability of OB aspects

2.4.2

Outcomes from Annex 66

Most research efforts of the Applications Subtask of Annex 66 concern three topics: (1) a framework for
considering the influence and relevance of OB, (2) decision support in different building phases, and (3)
decision support through modeling and simulation.
In determining an appropriate framework, a literature review regarding the influence of OB on building
performance was conducted. Then, the factors determining the influence of various OB aspects on chosen
performance indicators were identified [96,97] with the aim of achieving a rigorous framework to identify
the importance of OB for BPS. Various case studies have provided examples of when OB proved to be
influential or trivial for building performance (e.g., [92,93]).

To develop decision support, building project phases were reviewed according to the standards of
different countries and were harmonized with a focus on design and operation. The required OB inputs
were identified for each design phase. A list of simple indices was proposed as a first guideline for the
potential influence of various OB aspects. In this case, the collected case studies provided examples of
decision-making processes in different phases (along with the desired model inputs), with a focus on
behavior change during operation. A strategy for selecting the appropriate model complexity for BPS, i.e.,
the fit-for-purpose OB modeling (FFP-OBm) strategy [104], is currently under development.
The available OB models were initially classified with regards to their complexity and other key
characteristics (type of behavior, building typology, and location, among others). Then, comparative
studies, which identified best performing models across the complexity categories for a range of purposes
and buildings, were reviewed. The results confirmed the initial hypothesis that there is no one-size-fits-all
model type that proves superior in all cases, but rather that the various model types differ in efficiency
and predictive ability according to their application case [97,103]. Ultimately, the FFP-OBm strategy
itself was developed. The strategy is based on two concepts: (1) the trade-off between abstraction error
(the error due to modeling abstractions, i.e., using an incomplete model of a physical system [105]) and
input uncertainty when increasing modeling complexity, and (2) the varying influence of different OB
aspects on a given performance indicator [106]. Moreover, the specific purpose dictates whether OB
diversity and stochasticity must be taken into account (e.g., fixed schedules cannot be applied in a control
optimization study). Case studies were used to demonstrate how different aspects of OB have a dissimilar
influence on various performance indicators and how there is no benefit to increasing modeling
complexity for non-influential OB aspects. In particular, standard schedules provided an adequate
representation of non-influential aspects. The FFP-OBm strategy led to meaningful results for the
investigated case studies and is currently being implemented in other applications, such as in
policymaking; research and development of various technologies; and building design, operation, and
maintenance. Studies have been carried out to discuss the appropriate presentation and deployment of
stochastic results [59,94].
2.4.3

Key findings

Annex 66 has made significant steps towards the standardization of OB models, their evaluation, and their
integration into BPS programs. However, the issue remains of how to apply these models in practice, that
is, which model to use for a particular case. To provide a solution to this problem, a framework was
introduced that can evaluate OB based on its influence on building performance. A list of simple indices is
currently under development to provide a first estimate of the sensitivity of various performance
indicators to different aspects of OB as a necessary step towards appropriate and efficient decision

support starting at the initial phases of a building design project. The FFP-OBm strategy was developed to
guide OB model selection in BPS. This strategy has been tested on a variety of case studies, which have
demonstrated its validity. Further work will cover the application of the FFP-OBm strategy to policy
making in the building life cycle.
2.5
2.5.1

Interdisciplinary approach
Research issues

The issue of OB and its impact on building energy use is a highly complex problem, which is not
connected solely to technology-driven measures [78]. The human dimension of building energy use
cannot be studied through a single disciplinary lens when, typically, a technological-social dichotomy
pertains to the human-building interaction effects on building energy use. Research in the energy and
social science fields, having a cross-disciplinary nature, is crucial for understanding OB and achieving
low energy buildings. Sovacool [107] reviewed the state of the art of the energy studies field and reflected
on the need for more meaningful cooperation between the technical and behavioral dimensions of energy
usage, a thought that has been echoed by esteemed researchers in the physical and social sciences [108].
Traditional energy modeling and simulation approaches still provide a weak representation of the
compound contextual processes leading occupants to exercise their interaction with their working or
living built environments [46,47]. In contrast, behavioral scientists have developed and made extensive
use of human behavior models that consider contextual features of the surrounding experimental
environment, as early as the beginning of the century [70,71,109–112,]. Recent advances in engineering
and architectural research have demonstrated that theories from social science in tandem with data-driven
knowledge from analytics and building science could unlock a deeper understanding of the human factor
in building energy use.
Responding to this emergent trend in energy and social science research, Annex 66 activities have focused
on unlocking an interdisciplinary understanding of the human factor in energy use. Annex 66 proposed a
research agenda to integrate OB in an interdisciplinary approach that combines insights from the
technical, analytical, and social dimensions of building energy use. One of the key aspects of this research
vision involves focusing on the understanding of occupant behaviors, preferences, and needs in order to
exploit the full energy-saving potential of innovative human-building interaction technologies. The
inclusion of contextual and behavioral variables in building energy models can increase the accuracy of
predictive models of the human–building interaction in office spaces, thus supporting optimized building
design and operation and human-centered energy policies, as well as enhancing occupant comfort and the
usability of building technologies. The research aim was to combine data-driven analysis modeling,

simulation, and building physics expertise with social science insights to produce interdisciplinary
solutions on human-centered energy efficiency in buildings.
2.5.2

Outcomes from Annex 66

The Annex 66 interdisciplinary activities have provided data and insights in the fields of energy research
and social sciences. These outcomes are useful for the advancement of behavior-based energy-saving
programs, the improvement of building energy codes and standards, and development of the next
generation of control systems designed to achieve human-centered, low-capital investment, low-energy,
and high-performance buildings worldwide. As an example, during the interdisciplinary cross-country
survey, many questions pertaining to the energy and social science fields were answered, providing
insights on advances in sensing, modeling, simulation, and regulation for enhancing future humanbuilding interactions [65].
Scholars [111-113] have stressed that additional interdisciplinary knowledge on individual adaptive
behavioral patterns and motivational drivers is especially necessary for the office environment, where
interactions with building control devices to establish comfort conditions are negotiated in social
networks, and because the monetary incentives for engaging in pro-environmental behaviors are
negligible compared to those in residential spaces. There is also a need for cross-country studies [114]
that can help isolate climatic, cultural, and socio-demographic behavioral factors, thus ensuring the
validity, robustness, and efficiency of future studies. One of the key objectives for cross-country studies is
to transform the knowledge discovered through large-scale survey data into behavioral-based energy
efficiency solutions and insights, taking into consideration not only the energy metrics and physical
properties from building physics, but also the contextual/habitual aspects of energy-related behaviors in
workspaces located in different geographic and climatic areas [65]. To embrace these needs, Annex 66 has
provided interdisciplinary and updated building OB data coverage by investigating the differences among
countries and climates through a variety of settings (e.g., university and commercial buildings). For this
specific issue, one of the Annex 66 research activities has focused on the development and deployment of
an international OB framework and survey questionnaire [65] (Figure 5). This study introduced an
interdisciplinary framework based on theories and insights from energy and social sciences as a way to
investigate building-user interactions in diverse office settings and cultural contexts. The framework is
grounded on the integration of social cognitive theory (SCT) [115], the drivers–needs–actions–systems
(DNAS) ontology [84], and the theory of planned behavior (TPB) [116].

Figure 5. Interdisciplinary framework for the questionnaire survey on OB in office buildings

The research framework addresses energy-related behaviors that have an impact on comfort provisions
and operational costs in buildings, such as adjusting windows, blinds, shades, thermostats, and artificial
lights. The work attempts to expand the state-of-the-art understanding of (1) the environmental, personal,
and behavioral drivers motivating the occupants to interact with the control systems in diverse office
settings and cultural contexts, (2) how the intention to share controls and the choice of adaptive actions is
influenced by group negotiation dynamics, (3) the perceived ease of usage and knowledge on how to
interact with building technologies, and (4) the correlation between perceived behavioral control,
satisfaction, and productivity during different seasons. Based on this research framework, an online
survey of 37 questions was designed to collect responses from office occupants in 14 universities and
research centers in the US, Europe, China, and Australia. Data from the survey is currently being
collected.
2.5.3

Key findings

The proposed interdisciplinary framework developed by Annex 66 aims to account for the psychological
implications of behaviors, together with individual motivational drivers, societal norms, and group
interactions, mediated by the multi-disciplinary knowledge borrowed from social sciences (i.e., for
behavioral change) and data science (i.e., for human-in-the-loop technologies). By unlocking this

innovative knowledge, research activities aim to provide insights into more relaxed centralized comfort
requirements, allowing for reduced energy consumption and increased satisfaction and productivity, all of
which result in reduced operational costs for building owners.
Undertaking interdisciplinary research remains a challenging task. Key challenges come from a lack of
technical knowledge of the psychological and cultural—rather than purely physical—phenomena
regulating occupant physiological adaptation in indoor environments, from energy and social science
research respectively. A second related challenge is the lack of consistency in terminology between the
social science and engineering disciplines when referring to motivation, habits, and behaviors in general.
The design of robust models and effective control logics to achieve behavioral-based energy savings
while ensuring occupant satisfaction in buildings remains an open problem. Another challenge is that
simulation frameworks and schema representing OB (e.g., obXML and obFMU) are developed based on
quantifiable physical parameters driving the behavioral adaptation phenomena to the indoor environment
(thermal, visual, and comfort). It is challenging to quantify and integrate social variables into these
frameworks, and more importantly, to convince conventional engineering practices to incorporate them
into their energy simulation scenarios.
Some of the foreseen effects of further research applications include:


Enabling a higher level of perceived personal control and comfort, allowing users to solve a
personal comfort-driven task or action at the zone level, and increasing satisfaction with the
indoor environmental quality without influencing the overall comfort level (centrally designed
neutral/static homeostasis) and energy efficiency (avoiding over-running the system) at the



building scale.
Enabling the next generation of building technologies to negotiate comfort conditions between



occupants sharing spaces and HVAC controls.
Developing machine-learned comfort preferences and building occupancy data and implementing
them in model predictive controls to provide high-level intelligence in conjunction with
technologies able to deliver hierarchical zone-to-campus optimization control logics.

3

Discussion and Conclusive Remarks

The major product of Annex 66 consists of a methodological framework to guide OB simulation research
on data collection, modeling and evaluation, modeling tools integration, application, and interdisciplinary
issues. In brief, Annex 66 proposed scientific approaches to reduce the gap between the simulated and
measured values for building energy performance by representing OB in a standardized quantitative way,
and went further by integrating them with current building performance simulation programs, which
could have important impacts on the industry from various perspectives.

During the cooperative research activities and frequent discussions, the Annex 66 community reached a
consensus regarding OB research and identified some important issues that are worth thorough
deliberation and further discussion. The following topics have been discussed and explored within the
Annex 66 community, while their significance labels them as research topics needing further study in
future work.


Data collection is fundamental for the modeling of OB. The methods of collecting data are
evolving with the rapid development of sensors and information and communication technologies
(ICT). Most data collection campaigns are conducted in a typical working environment rather
than in a laboratory. With precise control of the indoor environment and good reproducibility,
laboratories are becoming an alternative for collecting reliable OB data. However, the Hawthorne
Effect [117], which implies that the subjects may alter their behavior when they are aware they
are being observed, may be an unfavorable factor during laboratory research involving occupants.
New sensors for detecting occupancy and occupant actions are being developed. For example, the
occupancy in a space could be measured in various ways. The indirect approach refers to the
change rate of CO2 concentration to estimate the occupancy. Infrared or ultrasonic occupancy
sensors try to detect the movement of occupants around a room. Wearable sensors and
smartphones can locate occupants with high resolution. Video cameras are also being used to
recognize occupancy patterns, the data from which could be analyzed with image recognition
algorithms at high computational capacity. New devices, such as Kinect, are being introduced to
automatically detect occupancy [118]. The evolution of technology requires researchers to have a
good understanding of the available data collection methods and apply them to the most
appropriate situation. However, there are still uncertainties regarding the accuracy of image
analysis and positioning using Wi-Fi signals, as well as correlated ethical considerations to be
taken into account [119]. The development of a data collection technique further generates largescale datasets. For instance, applications on phones can identify occupants and their movements,
the data from which can reveal nationwide patterns of individual habits. Data mining methods are



being introduced to efficiently analyze and extract valuable knowledge from this type of dataset.
The modeling of OB often encompasses stochasticity. Nevertheless, related studies have
suggested that stochastic models do not necessarily perform better than simplified deterministic
models. The appropriate model should be determined based on the selected application scenario.
Current OB models focus on the estimation of building energy consumption for a relatively long
period, typically a year. The purpose of this type of model is to have the estimation as accurate as
possible. In another situation, such as in model predictive control, however, the purpose of a
model is to predict the specific parameters for the short-term future. Models that aim at energy

consumption simulation are not good candidates in this context, as they have little predictive
ability based on available historical data. Another aspect of current OB models is that they are
data driven, implying that the models were built using regressions based on data collected from
the environment and occupancy or occupant actions, rather than from studying the OB
mechanism from a physiological or psychological perspective. The development of thermal
comfort research and the combination with sociological studies can potentially shed some light on
the description and modeling of OB on a mechanism-modeling basis. The combination of these
studies allows for a new path for OB modeling. Evaluation of OB models, as revealed earlier,
should have explicit metrics that come from the application scenarios to quantify their
performance. Specifically, the evaluation of stochastic models has roots in the statistical
comparison between stochastic simulation results and deterministic measurement results (i.e.,
using bootstrap validation, cross-validation, or random sample validation methods [120]). New


approaches adopting statistics are under development for the evaluation of model accuracy [76].
The integration of OB models with building performance simulation tools links academic
research with industrial applications. The DNAS framework and the co-simulation architecture
proposed in this Annex have made progress towards integrating multiple OB models and building
performance simulation tools in a flexible and robust manner. Nevertheless, significant work
remains to be done to offer easy-to-use interfaces in OB simulation for industrial applications. An
important issue to address is the representation of OB diversity. Behavior patterns differ among
individuals, and this diversity is perplexing for researchers and engineers tasked with identifying
the behavior patterns and corresponding parameters to be set in a simulation involving occupants.
As a compromise between the diversity of actual OB and simplicity in building simulation, some
typical occupant traits have been proposed, i.e., reconciling clusters of behavioral patterns with
data-driven inputs and predictive models [121]. Efforts have been made within the Annex 66
community to address OB diversity with different approaches, such as case measurements and
questionnaire surveys. The issue remains an open question that is of great significance in the



application of occupant simulation and requires significant further investigation.
During OB model application, the technical details of modeling are veiled and the engineer is
provided with a friendly interface. A guidebook detailing the appropriate situations for applying
each model would provide significant help to simulation users, to avoid the use of a model in
scenarios dissimilar to those under which it was developed. Policy makers could benefit from the
OB modeling by observing the simulated energy reduction with altered behavior patterns. This
procedure facilitates the development of efficient policies for reducing energy consumption in
buildings. The remaining unresolved issue is the modeling of OB evolution when incentives are
provided to motivate energy-saving behavior. A similar question arises in the situation where

occupants are transferred to a new environment and their behavior changes in response. The
sociological and psychological aspects of occupants should be studied under these circumstances
to gain clear explanations of the alternation of OB according to different incentives. Going
forward, efforts to strengthen and update interdisciplinary and international relationships and
networks have to be continuously nurtured, both within the IEA research arena as well as within
industrial communities such as the American Society of Heating, Refrigerating, and AirConditioning Engineers Multidisciplinary Task Group on Occupant Behavior in Buildings
(ASHRAE MTG.OBB). The ultimate objective of such research is to derive better empirical
findings for the development of market actions and international codes and standards in the field
of OB modeling and simulation research for the building sector. The Annex 66 community at
large envisions future follow-up papers that will further present and discuss the ongoing activities
of this Annex.
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