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Occupant behavior; Simulation is recognized as an effective tool for building energy performance assessment during
Building energy per- design or retrofit processes. Nevertheless, simulation models yield deviating outcomes from the
formance assessment; actual building performance and a significant portion of this deviation originates from the

Modeling and simula- dynamic nature of occupant behavior. Literature on occupant behavior indicates that occupant

Er%rgabilistic behavior is not integrated into building energy performance assessment procedures with
approaches appropriate resolution, instead they are accepted as assumed and fixed data sets that usually

represent the presence of occupants. This study attempts to evaluate the effect of diverse
patterns of occupant behavior on energy performance simulation for office buildings. Diverse
levels of sensitivity of occupant behavior on control-based activities such as using lighting
apparatus, adjusting thermostat settings, and presence in space are employed through three
diverse occupant behavior patterns. These occupancy patterns are correlated with three
identical office spaces simulated within a conceptual office building. EDSL Tas is used to run
building energy performance simulations. Effects of occupant behavior patterns on simulation
outcomes are compared for five sample winter and summer workdays, with respect to heating
and cooling loads. Results present findings on how diversity of occupancy profiles influences the
consumption outcomes.
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1. Introduction

Energy-efficiency of the built environment and slowing the
adverse effects of climate change are of utmost importance
for researchers and professionals involved in the production
of built environment, since almost 40% of the total energy is
consumed in the buildings (IEA, 2010). Reduction of the
consumed energy in buildings through effective insulation
strategies, glazing technologies, passive design considera-
tions, and integration of renewable energy technologies are
common measures (Diakaki et al., 2010; Hens et al., 2010)
that are researched and employed to contribute the energy-
efficiency of the built environment. Yet, abovementioned
approaches are aggregated around the core of technological
and scientific solutions, overlooking the fact that building
occupants and their consumption related behavior are
exceedingly influential on energy performance of buildings
(Masoso and Grobler, 2010).

The multitude of research on building performance
assessment demonstrated that simulation approaches are
effective in evaluating building energy performance during
building design or retrofit processes. Due to their dynamic
capacities in modeling extensive sets of parameters that are
influential on building energy performance, simulation
models yield performance assessment outcomes that repro-
duce the real-world phenomena (Crawley et al., 2008). The
set of parameters related to building performance assess-
ment include (a) climate, (b) building characteristics (e.g.
physical properties of building materials, orientation, area
etc.), (c) building service systems (e.g. HVAC systems,
domestic hot water, etc.), (d) building operation (e.g.
schedules, equipment etc.), (e) indoor thermal and envir-
onmental quality (i.e. required thermal comfort and indoor
air quality), and (f) occupant behavior (e.g. presence,
control and activity patterns related to energy use, etc.)
(Hong et al., 2016; Yu et al., 2011). Integrating the
parameters (a) to (e) is a considerably straightforward
process, once the specialists, who use the simulation tool,
possess necessary knowledge, skills and precision. The
simplicity lies in the means that the related data could be
obtained quantitatively through audits, as-built drawings
and measurements, moreover, the simulation software are
mostly designed to facilitate such input. On the other hand,
occupant behavior (f) depends on various factors influenced
by income, energy prices, awareness on energy issues,
gender, age, socio-cultural attitude, and so forth, and most
importantly on the perception of indoor environmental
conditions (Motuziene and Vilutiene, 2013). Such amplitude
of subjective drivers that shape the behavior of building
occupants makes it hard to quantify and ascertain occupant
behavior for the building energy performance specialists.
Thus, occupant behavior is commonly integrated in simula-
tion environment as a fixed assumption that represents
presence/absence in a space. The reasons behind such
simplification in integration of occupant behavior could
stem from a number of reasons: (i) monitoring occupancy
requires installation of various measurement instruments,
(ii) simulation users should be acquainted with the basic
programming languages in order to intervene with the built-
in occupancy interfaces to integrate the diversities in
occupant behavior within the simulation software, since

current simulation tools might have insufficiencies in full
integration of occupant behavior (Virote and Neves-Silva,
2012), and (iii) measurable outdoor variables are commonly
found more reliable than dynamic indoor variables and a
correlation between outdoor variables and indoor variables
are preferred for assessment rather than detailing occupant
behavior (Gunay et al., 2013).

Aforementioned reasons are strongly related to uncer-
tainties in building energy performance assessment, since
diverse patterns of occupant behavior are not integrated
into building energy performance assessment procedures
with correct resolution and instead they are accepted as
assumed and fixed data sets that represent the presence/
absence of occupants. Given the fact that these assump-
tions are considered as one of the main reasons for the
discrepancy between the predicted and actual energy
performance of the buildings (de Wilde, 2014; Menezes
et al., 2012), namely, the building performance gap
(Motuziene and Vilutiene, 2013), occupant behavior is
considered as a significant input that should be included in
assessment procedures with approaches based on measure-
ment and observation (Virote and Neves-Silva, 2012). In this
regard, it is possible to assert that integrating occupant
behavior in a rudimentary manner within the simulation
models would contribute to the gap between the predicted
and actual energy performance of buildings (Hong et al.,
2015). To bridge this gap, it is essential to integrate diverse
patterns of occupant behavior within the simulation envir-
onment with a resolution that represents the actual occu-
pant behavior as effectively as possible.

The main objective of the present study is to put an
emphasis on the significance of modeling occupant behavior
and demonstrate the extent of influence of the occupant
profiles on the assessment of building energy performance
measures. Therefore, this study identifies effects of occu-
pant behavior on building energy consumption through
synthetic behavior sets that represent three diverse pat-
terns of occupant activities within a hypothetical office
building, modeled and simulated in EDSL Tas. In Literature
Review section, an extensive review was carried out with a
specific focus on assessment and modeling of occupant
behavior with the aim to acquire information on the
commonly investigated control-based activities and consid-
erations related to modeling the occupant behavior. Meth-
odology section introduces the approach of the study and
Results and Discussion section elaborates on the study
findings. In Conclusion section, a discussion on how occu-
pant behavior modeling could contribute to the body of
knowledge in building energy performance studies, is pre-
sented based on the outcomes of the present study.

2. Literature review

There exists a significant increase in studies dedicated to
understanding the relationship between occupant behavior
and building energy consumption in the last decade. Various
approaches were studied to integrate the effect of building
occupant behavior into building simulation software. Masoso
and Grobler (2010) state that modeling occupant behavior
is “one of the weakest links in energy efficiency and
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conservation equation.” Thus, the present study is intended
to evaluate diverse patterns of occupant behavior regarding
control-based activities in energy performance simulation,
to reduce the discrepancies between the predicted and
actual energy consumption in buildings. This section aims to
map out the strategies to model occupant behavior through
an extensive review to underscore the current approaches.
Moreover, the review would provide a basis for proposing
behavior patterns that represent the diversity of occupant
activity and behavior.

Lee and Malkawi (2014) claim that occupant behavior is
regarded as an oversimplified and predetermined input in
simulation environments. Yun and Steemers (2008) discuss
that occupant interactions are employed with deterministic
approaches based on predefined schedules in building
simulation, therefore, inaccuracies emerge in prediction
of indoor thermal conditions and energy demands. Hong
et al. (2016) argue that stochastic behavior of the occupant
is ignored, and the behavior is translated into simulation
environment as a standardized and deterministic input,
mainly concerned with the presence of the occupant in a
space. Nevertheless, the building occupant is a dynamic and
unpredictable component of the energy performance of a
building, since occupants, in general, have the tendency to
restore comfort in the most convenient way possible rather
than contemplating on issues on building energy perfor-
mance or environmental effects of consumption (Gilani
et al., 2015). Consequently, it becomes evident that
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Meta-chart indicating the occupant behavior modeling approaches in literature.

modeling occupant behavior within deterministic thresholds
would continue to contribute in building performance gap
between the predicted and actual building performance,
since occupants continuously make personal form of judge-
ments in conditioning their environment and such judg-
ments are results of individual decision-making processes
with a complex composition of planned and unplanned
activities, social, psychological and physiological needs,
and interactions with indoor environment and activities of
other occupants (Tabak, 2008).

To completely recognize the precincts of modeling occu-
pant behavior studies, an extensive array of studies was
reviewed and 24 were selected to reveal the relationship
between the involved parameters; (a) building type,
(b) occupant behavior modeling approaches, (c) types of
modeled occupant behavior/activity, (d) qualitative and
quantitative data collection related to occupant behavior,
and (e) attempt to integrate occupant behavior models to
simulation software. The abovementioned relationships are
presented in Fig. 1 as a meta-chart. The review findings
suggest that research on occupant behavior modeling lar-
gely targets office building occupancy (16 of 24 reviewed
studies), since occupant behavior related to energy perfor-
mance and comfort could specifically be framed within the
well-defined tasks of a work environment. On the other
hand, there is significant effort to combine occupant
modeling research with occupant behavior in residential
buildings, since almost 30% of the reviewed studies focus on
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residential buildings. Yet, the abundance of activities
involving domestic environment might be leading to set-
backs in fully modeling the domestic occupant activities and
the links between these activities within a highly compre-
hensive approach.

Three types of approaches in modeling occupant behavior
could be discerned in the literature (Fig. 1); (1) determinis-
tic approaches based on scheduling the occupant behavior
with pre-determined state and activity changes (Gilani
et al., 2015), (2) stochastic approaches that aim to derive
occupancy patterns from observation and measurements
(Andersen et al., 2009; Aerts et al., 2014; Ahn and Park,
2016; Bourgeois et al., 2006; Blight and Coley, 2013; Buso
et al., 2015; Feng et al., 2015; Goldstein et al., 2010;
Herkel et al., 2008; Haldi and Robinson, 2009; Hong et al.,
2015; Langevin et al., 2015a; Motuziene and Vilutiene,
2013; Page et al., 2008; Richardson et al., 2008; Virote
and Neves-Silva, 2012; Wilke et al., 2013; Wang et al., 2016;
Yun and Steemers, 2008; Yu et al., 2011), and (3) agent-
based approaches that characterize multiple occupancy
patterns based on individual decision-making processes
and activities related to energy-oriented behavior of the
occupants (Lee and Malkawi, 2014; Langevin et al., 2015b;
Tijani et al., 2015).

Numerous research focus on identifying the effects of
occupant behavior on building energy consumption through
modeling the occupants’ presence in a space and attitude
towards opening/closing windows and doors (Andersen
et al., 2009; Aerts et al., 2014; Buso et al., 2015; Herkel
et al., 2008; Haldi and Robinson, 2009; Hong et al., 2015;
Lee and Malkawi, 2014; Langevin et al., 2015a, 2015b; Yun
and Steemers, 2008), opening/closing blinds and shading
elements (Andersen et al., 2009; Bourgeois et al., 2006;
Buso et al., 2015; Gilani et al., 2015; Langevin et al.,
2015a), turning on and off lighting fixtures (both space and
task lighting) (Andersen et al., 2009; Bourgeois et al., 2006;
Blight and Coley, 2013; Gilani et al., 2015; Hong et al.,
2015; Virote and Neves-Silva, 2012; Wang et al., 2016),
adjusting set point temperatures for heating and cooling
(Andersen et al., 2009; Langevin et al., 2015a; Motuziene
and Vilutiene, 2013), controlling ventilation and air con-
ditioning (Feng et al., 2015; Hong et al., 2015; Langevin
et al., 2015a, 2015b), etc.

Fig. 1 demonstrates that the reason for recognizing these
activities as research problems stems from the fact that
majority of behavior/activities are direct response to issues
related to indoor environmental comfort and consumption/
conservation of energy in spatial settings. It is possible to
observe that prevalent behavior/activity types in 24
reviewed studies are operating windows, occupancy/pre-
sence in space, controlling lighting fixtures, and controlling
solar shading and blinds. In comparison to prevalent activ-
ities, decision and activity of occupants, which could be
significant for the energy performance of a building, such as
adjusting thermostat set points, equipment and/or appli-
ance utilization patterns, adjusting clothing levels are less
scrutinized.

Realistic modeling of occupant behavior requires high
precision in numerical interpretation of behavioral patterns
based on the occupancy/vacancy periods of building spaces.
To ensure such level of precision, qualitative and quantita-
tive data are of importance to describe the diversities

inherent in occupant behavior (Gunay et al., 2013; Hong
et al., 2016; Yan et al., 2015). A total of 7 studies utilized
both qualitative and quantitative data (based on observa-
tion/survey and measurements, respectively) to construct
occupant behavior patterns through employed modeling
approaches. Solely one type of data, either qualitative or
quantitative, is used in the research presented in 13 studies.
In the case of integrating occupant behavior models into
simulation environment, it was observed that synthetic
(randomly created) occupancy profiles were used to scruti-
nize diverse effects of occupant behavior on simulation
outcomes.

The reviewed studies pointed out that only 40% of the
research tackled with the means to integrate occupant
behavior models into simulation software, such as IES VE,
ESP-r, EnergyPlus, DesignBuilder, etc. Co-simulation is
another important emphasis that emerged recently in
literature to resolve algorithm-based integration problems
for simulation software (Hong et al., 2015).

In summary, it is possible to assert that there is concrete
evidence for the requisite to integrate the stochastic nature
of occupant behavior through probabilistic or agent-based
occupant behavior modeling within building performance
simulation. The methodologies to be employed, which cover
both qualitative and quantitative data collection and the
translation of this data through mathematical modeling, are
essential to obtain occupancy behavior data sets that could
be created in response to different environmental, psycho-
logical and comfort related drivers. The main progresses
that should yet be addressed are to observe the effects of
realistic occupancy behavior modeling on simulation out-
comes and to consider the mitigation of the magnitude of
building energy performance gap under probabilistically
defined occupancy patterns.

3. Methodology

Considering that occupant behavior patterns are more
complex than being a function of indoor and outdoor
environmental factors (Yu et al., 2011) and occupants tend
to achieve comfort in a convenient manner rather than
making energy conscious decisions (Gunay et al., 2013), this
study structures its approach to demonstrate the signifi-
cance of occupant behavior on certain gains and loads that
result in energy consumption in a building. In order to
conduct such research, the proposed methodology main-
tains the effects of building envelope characteristics,
climate, and building services intact, and changes only the
occupant behavior. The steps of the methodology encom-
pass (a) modeling a hypothetical office building in EDSL Tas,
(b) creating three occupancy profiles with different sensi-
tivity for sample winter and summer days, (c) integrating
these occupancy profiles into the building simulation model,
(d) running the simulation within a climate that exhibits
four distinct seasons, and (e) indicating the effects of
different occupancy profiles on gains and loads for sample
spaces in the heating and cooling sample days.

The hypothetical building is a three-story office building
with a simple plan layout of north and south facing office
spaces and east-west elongated circulation areas. Fig. 2
presents the simple layout and 3D model. Table 1 presents
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Fig. 2 3D model and first floor plan of the hypothetical building.

building constructions and related U-values (W/m?2K)
assigned in the EDSL Tas building simulation software. The
U-values assigned were based on ASHRAE (2007), Building
Envelope Requirements for Climate Zone 4 in Addendum G,
since TMY weather data for Kansas City, MO, a region in the
Climate Zone 4 in the US (IEEC, 2009), was used as a
representative climate that exhibits four distinct seasons.
Table 2 presents the zoning of the hypothetical office
building and set point temperatures (°C) for heating and
cooling periods. The set point temperatures are determined
for occupied and unoccupied periods based on the ASHRAE
Standard 55 (2010), which indicates that these temperature
ranges are comfortable for most people who are dressed
appropriately for the season. Thermal zoning of the simula-
tion model presented in Table 2 indicates that each space is
modeled separately as a zone to draw conclusions that
describe the effect of occupant behavior on the energy
performance of the attributed spaces. As seen in Fig. 2 and
Table 2, first floor north-oriented offices, which were
indicated as zones 23, 24 and 25, were designated as three
identical offices attributed with different occupancy pro-
files for the investigation of their effect on internal gains
and heating and cooling loads. Since the scope of the
present paper focused on activities such as controlling
lighting, adjusting thermostat settings, and presence, the
evaluation was limited to north offices to exclude effect of
solar gains and activities such as operating blinds; hence,
the zonal comparisons based on orientation were excluded
from the scope of the paper.

The subsequent step in the methodological construct of
this study was to create three diverse patterns of occupant
behavior regarding control-based activities, with different
sensitivities, for sample winter and summer days, to be
integrated within the simulation model. ASHRAE (2010)
suggests that schedules in simulation software should be
capable of modeling hourly changes in occupancy (pre-
sence), lighting, miscellaneous equipment, thermostat set
points, and HVAC system operations that are employed in a
building. EDSL Tas provides the flexibility to change hourly
variables for different types of internal gains such as
lighting, equipment use, occupancy sensible and latent
gains, schedules for heating and cooling set point tempera-
tures, ventilation regimes, etc. Therefore, to evaluate the
effect of occupancy profiles on internal gains and related
heating and cooling loads using simulation approach, Inac-
tive Occupant (I0), Slightly Active Occupant (SAO) and
Active Occupant (AO) synthetic occupant behavior patterns
were created for Zones 23, 24 and 25, respectively (Fig. 2).

The terms “inactive” and “active” target degrees of
diversity in judgement/behavior regarding control-based
activities. Three criteria were selected to create diverse
patterns of occupant behavior; occupancy (presence), light-
ing use, and thermostat controls. In addition, 3rd and 29th
weeks (January 15th to 19th and July 16th to 20th,
respectively) of the test reference year were used as the
evaluation periods sampling heating and cooling seasons.

Diverse occupant behavior, controls and generation of
random characteristics for three occupant behavior pat-
terns are presented in Table 3. Inactive occupant (I0)
represents a deterministic integration of occupant behavior
patterns within a simulation model. The |0 was modeled
based on presence and basic lighting controls. No other
controls were assumed for 10 to signify the results of
deterministic approaches. Modeling of each activity and
behavior holds a value between 0 and 1. For instance,
regarding presence, “0” denotes that the space is unoccu-
pied and the value “1” denotes vice versa. Fig. 3 presents
presence and lighting control pattern of the 10 for the two
evaluation periods (winter and summer). The [0 was
assumed to control all office space and task lighting fixtures
in correspondence to the cloudiness factor indicated in the
corresponding days of the weather data employed for
building simulation. The inactive occupant turned on all
office lighting fixtures (denoted with value 1) when cloud
cover exceeded the value of 0.5 (more than half cloudy
sky). Furthermore, 10 was assumed to have a fixed presence
in the office space from 8 A.M. to 12 PM. and from 1P.M. to
5P.M.

Slightly Active Occupant (SAO) was outlined through a
semi-deterministic nature, in which the occupant was
assumed to have the same presence characteristics (deter-
ministic) as in 10. Yet, SAO controlled lighting within a
probabilistic approach based on cloud cover data. In order
to acquire five-workday behavior patterns for January and
July, values between 0 and 1 were obtained via random
number generation with 10-min resolution with Microsoft
Excel. The main idea behind using random number genera-
tion was to mimic the possibilities for SAO in lighting control
that corresponds to different occupant controls such as turn
off all lighting appliances (value:0.0), turn on task lighting
(value:0.3), increase task dim + turn on ambient lighting
(value:0.7), increase task dim (value:0.5), turn on all light-
ing (value:1.0). Random values with 10-min resolution for
five work days (both for heating and cooling period evalua-
tion days) resulted in creation of 1440 data points and these
were averaged to obtain the hourly profiles for the related
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Table 1  Assigned building constructions and pertaining U-values.

Building Elements Construction U-Value (W/mZ2K)
Exterior Walls Cavity wall with brick inner and outer leaf and 50 mm mineral wool insulation 0.557

Interior Walls Lightweight plasterboard partition with 20 mm mineral wool insulation 1.260

Flat Roof Non-residential concrete deck flat roof with 50 mm EPS insulation 0.455

Slab on Grade Concrete slab on grade (uninsulated) 4.028

Frame Plastic frame, 3 hollow chambers, with metal spacer 4.260

Glazing 2 mm x 4 mm pane with 16 mm air spacing 1.538

Interior Door Frame Wood frame with metal spacer 3.930

Interior Door Panel  Plywood 30 mm 2.495

Interior Floors Concrete deck with ceiling tiles and flooring screed (with space for installations) 1.390

Table 2 Zones and setpoint temperatures for the hypothetical office building.
Zones Function Heating Season Cooling Season
Setpoints (°C) Setpoints (°C)
Occupied  Unoccupied Occupied Unoccupied
1, 14, 28 Entrance Hall / Circulation Areas 17 14 26 28
4,5,6,7, 8,16, 17, 18, 19, 20, Offices - South Oriented 20 - 24 14 21 - 24 28
30, 31, 32, 33, 34
9, 10, 11, 12, 13, 21, 22, 26, Offices - North Oriented 20 - 24 14 21 - 24 28
27, 35, 36, 37, 38, 39, 40, 41
3, 15, 29 Service and Storage Spaces 17 14 26 28
2 Vertical Circulation 17 14 26 28
23 North Office Inactive Occupant (I0) 20 - 24 14 21 - 24 28
24 North Office Slightly Active Occu- 20 - 24 14 21-24 28
pant (SAO)
25 North Office Active Occupant (AO) 20 - 24 14 21 - 24 28
measurement periods. Subsequently, unoccupied hours presence characteristics of AO, no intervention was made to

were set to “0” since there would be no utilization of
artificial lighting, and given the fact that occupant behavior
could not be considered as a totally random process, the
hourly average of randomly created values were examined
in correlation with the cloud cover values from the weather
data to eliminate inexpressive values from the randomly
created set (for instance, on a clear hour having artificial
lighting fixtures fully turned on). Fig. 4 presents the
presence and probabilistically calculated SAO lighting con-
trol behavior pattern for the two evaluation periods.
Active Occupant (AO) represents a fully probabilistic
approach in creating the occupant behavior pattern. The
lighting controls were kept identical as in SAO to establish a
common ground for evaluating simulation outcomes, yet,
AO was proposed to have a flexible presence, which is more
realistic when occupants potentially have a break, visit
another colleague at his/her office, leave for a coffee,
attend a meeting in the building, leave or arrive early etc.,
during working hours. To acquire a probabilistic data set for
AQO's presence in the office, values between 0 and 1 were
obtained through random number generation with 10-min
resolution both for evaluation days in heating and cooling
periods. Hourly averages were obtained and smoothed for
unoccupied hours (with a value of “0”), and the data for
occupied hours was kept intact. In formulating the random

the randomly generated data, since being in and out of the
office could be fully probabilistic due to hourly/daily
diversities in the work type and program of an office
occupant. Fig. 5 presents the modeled presence and lighting
control behavior of the AO for the two evaluation periods.

In the present study, 10 was considered as the inactive
occupant that has no interference with the set point
temperature controls using the room thermostat. There-
fore, 10 was assumed to have a fixed temperature set point
of 24°C during occupied hours, as the higher value in the
21°C — 24 — 24°C cooling set point temperature range
(Fig. 6) as defined in ASHRAE Standard 55 (2010), indicating
that such temperature ranges are comfortable for most
people who are dressed appropriately for the season. SAO,
on the other hand, was defined as an occupant that
preferred a higher indoor temperature compared to |0
and in heating season SAO was assumed to adjust the office
set point temperature upon arrival, to 23°C or 22°C,
depending on the judgement of exterior temperature, then
gradually lowered the office set point temperature to 20 °C
or 21°C in a semi-deterministic manner (Fig. 6). For the
cooling season, SAO was designed to adopt a similar office
set point temperature control behavior as in the heating
season, adjusting the office set point temperature to higher
cooling set points between 22 °C and 24 °C based on the



Table 3

Diverse occupant behavior, controls and generation of occupant characteristics.

Behavior and Controls

Occupant Type

Inactive Occupant (I10)

Slightly Active Occupant (SAO)

Active Occupant (AO)

Presence in Office Space

Lighting Controls

Room Thermostat Set Point Adjustment

(Heating Season)

Full presence in workspace during
office hours (8 a.m. to 12 p.m. and
from 1 p.m. to 5p.m.)

Turns on all office lighting fixtures
when cloud cover exceeds the
value of 0.5

Adopts fixed thermostat set point
of 21°C

Room Thermostat Set Point Adjustment Adopts fixed thermostat set point

(Cooling Season)

Generation of Occupant Presence
Characteristics Lighting

Thermostat

Overall Behavior Modeling Approach

of 24°C

Inactive Occupant (I0)
Deterministic, fixed schedules
Semi-deterministic, modeler
assumption based on cloud cover

Deterministic, fixed schedules

Deterministic

Full presence in workspace during office hours
(8a.m. to 12 p.m. and from 1 p.m. to 5p.m.)

Controls lighting probabilistically. Randomly
created hourly control values were smoothed
according to cloud cover

Adjusts thermostat set point to 23 °C or 22 °C
depending on judgement of exterior tempera-
ture, then gradually lowers the thermostat
set point

Adjusts thermostat set point between 22 °C
and 24 °C depending on judgement of exterior
temperature, then gradually lowers the ther-
mostat set point

Slightly Active Occupant (SAO)
Deterministic, fixed schedules
Semi-probabilistic,modeler intervention after
random generation of hourly data to remove
irrationalities (i.e. all fixtures turned on while
cloud cover is 0)
Semi-deterministic, modeler
based on exterior temperature
Semi-deterministic

assumption

Random presence in workspace during office
hours between 8a.m. and 5p.m.

Controls lighting probabilistically. Randomly
created hourly control values were smoothed
according to cloud cover

Set point temperatures were assumed to be
probabilistically adjusted through randomly
created hourly values

Set point temperatures were assumed to be
probabilistically adjusted through randomly
created hourly values

Active Occupant (AO)

Probabilistic, randomly generated schedules
Semi-probabilistic, modeler intervention after
random generation of hourly data to remove
irrationalities (i.e. all fixtures turned on while
cloud cover is 0)

Probabilistic, randomly generated thermostat
controls

Probabilistic
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Fig. 4 Slightly Active Occupant (SAO) presence and lighting control for January 15th to 19th and July 16th to 20th.

exterior temperature, then gradually lowers the set point
temperature to 21°C or 20°C to obtain a cooler indoor
environment (Fig. 6). Temperature controls for AO were
modeled through a fully probabilistic approach with ran-
domly generated 10-min resolution set point temperature
values. For heating and summer period evaluation days,
random number generation was used between set point
temperatures defined in Table 2 and the irrationalities
regarding hourly fluctuations in temperature control data
for AO were removed by adjusting temperature values for
unoccupied hours and extreme hourly changes. Fig. 6 pre-
sents the assumed set point temperature diversities for
three occupant behavior patterns and their relationship
with the exterior temperature.

In summary, it is possible to assert that, 10 is an occupant
which was modeled in a deterministic manner, similar to the
majority of assumptions in building energy simulation as a
“fixed metabolic heat generator passively experiencing the
indoor environment” (Newsham, 1994), whereas SAQ is
semi-deterministic with a degree of detailed modeling
based on lighting use and partial thermostat control. AO is
modeled with a fully probabilistic approach regarding the
presence in the space, lighting use and thermostat controls.

As the third main step in the methodology, hourly values
of diverse behavior patterns for 10, SAO and AO were
integrated in the Building Simulator module of the EDSL
Tas for zones 23, 24 and 25, respectively. Hourly values
obtained between 0 and 1 for lighting use were translated
into the schedules and internal gains module of the software
with the assumption that value 1 corresponds to the total of
a task lighting gain with 7W/m? and ambient lighting gain

with 11 W/m?, where both have dimming control. Non-
integer values between 0 and 1 were applied as multiplier
diversity factors on the total value of 18W/m? when
integrating the lighting use data to simulation software for
each occupant behavior model. The presence levels of the
10, SAO and AO occupancy models were integrated to the
relevant simulation interface, similar to lighting controls
hourly integration, by using occupancy sensible gain (10 W/
m?) and occupancy latent gain (5W/m?2) for value 1 based
on moderate office work (ASHRAE, 2001). Non-integer
diversity factors for the hourly presence profiles of AO,
between 0 and 1, were used as multipliers distributed to
abovementioned sensible and latent gain values. Tempera-
ture profiles were integrated to thermostat controls inter-
face in the internal gains module with the exact values
generated for each type of occupant behavior pattern. Due
to the complete integration of diverse patterns for lighting
use, presence and thermostat set point controls, the
simulation was run for a full year in order to obtain the
results for evaluating the effects of occupant behavior
patterns on the simulation outcomes. One-week data (3rd
and 29th weeks of the year, January 15-19 and July 16-20)
were extracted from annual simulation results for further
analysis, representing the heating and cooling seasons. The
following section scrutinizes the outcomes.

4. Results and discussion

Simulation results for the three diverse patterns of occu-
pant behavior, namely, the deterministic 10, the semi-
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Fig. 5 Active Occupant (AO) presence and lighting control for January 15th to 19th and July 16th to 20th.
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Fig. 6 Assumed set point temperature diversities for 10, SAO and AO.

deterministic SAO, and the probabilistic AO in three iden-
tical north oriented offices, are provided and discussed in
this section. Lighting gains, occupancy sensible gains and
the effect of thermostat set point temperature controls on
heating and cooling loads of the sample office spaces are
considered as main evaluation criteria.

Fig. 7 presents the results for lighting gains for the two
evaluation periods. In this study, 10 was assumed to turn on
the lights when the cloud cover exceeded 0.5 level, while
SAO and AO were assumed to probabilistically, turn on, turn
of, or dim the task and ambient lighting based on different
decisive drivers. It is possible to observe that 10's non-
interference with the lighting control after turning it on
results in 38.5% excessive gain in heating and 44.7% in
cooling season when compared to SAO and AO. Based on the
simulation outcomes, it is possible to assert that any
deterministic modeling of occupant behavior that turns on
the light below a certain daylight level and keeps the light
on until departure might introduce higher lighting gains
both for winter and summer conditions. Occupant behavior
patterns integrated in building energy performance
simulation might represent a similar type of deterministic
approach in which the office lighting fixtures are considered
as turned and kept on during work hours. Nevertheless,
provided lighting gains in the office space could result in a
considerable effect (given the whole heating season) that
decreases the heating loads assumed via the simulation
software. Yet, occupants do not abstain from controlling
indoor artificial lighting levels, hence the heating loads and
proportionally the energy consumption for heating would
increase in comparison to the simulation outcomes of a

deterministic behavior. The probabilistic approach for SAO
and AO modeled in this study reflects over-the-week
distributed gains and is more realistic when it is considered
that occupants would tend to manually adjust their visual
comfort levels according to different tasks and the nature of
the office work that takes place at a given time, as well as
the amount of daylight received during the workhours. On
the contrary, larger lighting gains for |0 during the cooling
season sample days might result in an overestimation of
cooling loads in comparison to the probabilistically modeled
patterns for SAO and AO.

As previously mentioned, 10 and SAO were considered to
follow fixed schedules in entering and leaving the office,
while the presence of AO in the office space was based on
probabilistic random generation. Fig. 8 presents the results
for occupancy sensible gains for three different occupancy
profiles. It is possible to observe that 10 and SAO's fixed
presence within the space results in 43.9% excessive gains
due to occupancy in heating and 38.2% in cooling season in
comparison to SAO and AO. Calculated occupancy gains via
the simulation software demonstrate that the assumption of
deterministic occupancy modeling yields higher occupancy
sensible gains in comparison to a probabilistic modeling of
presence as in AO. In other words, constant presence in the
office is regarded as dissipation of constant metabolic heat
within the space, and probabilistic periods of presence and
vacancy (AO) result in lower levels of metabolic heat
dissipations. Therefore, higher internal gains mean less
heating demand and lower heating loads would be predicted
via simulation in comparison to the actual loads that
originate from the probabilistic presence of occupant
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Fig. 7 Simulation results for lighting gains from January 15-19 and July 16-20 for 10, SAO and AO.
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Fig. 8 Simulation results for occupancy sensible gains from January 15-19 and July 16-20 for 10, SAO and AO.

behavior. Hence the actual heating loads would be higher
than the loads assumed with deterministic occupant data,
where occupancy sensible gains would decrease in cases of
vacancy. The same argument applies for cooling loads as
well. Probabilistic modeling of presence for AO results in
lower occupancy sensible gains, therefore, would result in a
more realistic cooling load demand when compared to 10
and SAO.

Fig. 9 presents the simulation results for heating and the
cooling loads on daily basis for the two evaluation periods.
The simulation results for the office space occupied by 10
(the deterministic occupant behavior) yield lower heating
and cooling loads in comparison to the semi-deterministic
SAO and probabilistic AO behavior models. AO, which
includes a detailed model of diversity profiles of lighting
use and presence, yields higher heating demand almost by
28.5% when compared to 10 and by 15% in comparison to
SAO. Simulation results covering the sample days during
cooling period indicate that the office space occupied by
the deterministically modeled 10 yields the lowest cooling
loads among the three office spaces. This result occurs
mainly due to the control temperature, 24°C, assighed
deterministically to the occupant within the temperature
set point range (21-24°C). SAO on the other hand was
assumed to switch on to lower temperatures for cooling
upon arrival (23 °C or 22 °C) and gradually adjust it to lower
degrees (21-20 °C) during the occupied hours. This systema-
tic behavior type results in higher loads of cooling (25.8% in
comparison to 10), since the space is assumed to be cooled
down to lower temperatures as the exterior temperature

increases during the day. Cooling set point temperatures for
the probabilistic behavior modeled for AO fluctuates
between 21.7°C and 23.8°C and the results yield that
cooling loads are only 6% higher than the 10 and 18.9%
lower than the SAO. This result is partly due to modeling AO
with a probabilistic data set of presence and thermostat
control within the office space, where occupancy sensible
gains are reduced in comparison to AO and smaller fluctua-
tions for indoor temperatures are obtained in comparison to
the SAO's temperature set point behavior model. Although
temperature set points are acknowledged to inflict the most
significant impact on heating and cooling loads, the
present study aims to demonstrate the effects of detailed
modeling of room thermostat controls of occupants. |10 was
assumed to accept the minimum heating and cooling levels
of a fixed temperature set point of 21 °C in heating season
and 24 °C in cooling season during occupied hours as defined
by the ASHRAE Standard 55 (2010), which could be con-
sidered as a generalized assumption for building energy
performance simulation. |0 represents the energy perfor-
mance simulation attitude that is employed with the
minimum standards provided by various benchmarks. How-
ever, in reality, occupants could interfere with these con-
trols, hence, a portion of the building performance gap
between the predicted and actual performances resides in
these assumptions. Therefore, it is significant to emphasize
the fact that integrating diverse temperature profiles with
detailed resolution in whole building energy performance
simulation could result in a decrease in the building
performance gap.
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Fig. 9 Simulation results for heating and cooling loads from January 15-19 and July 16-20 for 10, SAO and AO.

With respect to the above discussion regarding lighting
and occupancy sensible gains, it is possible to assert that
the discrepancy between the heating and cooling loads are
expected to increase when the probability of controlling
lighting fixtures and being present in a space is modeled
with flexible schedules that reflect the real occupant
behavior.

5. Concluding remarks

Since social and economic factors such as degree of educa-
tion, energy costs, environmental awareness would be
influential on building occupants’ behavior towards energy
consumption (Yu et al., 2011), occupant behavior could not
be considered as a parameter tackled in a straightforward
manner indicating solely the occupant presence. Instead
occupant behavior should be considered as one of the key
factors that influence the energy consumption of a building
(Hong et al., 2016). Understanding the complexity of
occupant behavior and translating this complexity into the
simulation environment with the highest possible precision
could highly be influential on the energy saving potential
both for new and existing buildings. Different approaches
employed for modeling the user behavior, commonly the
deterministic and probabilistic approaches, yield significant
discrepancies for heating and cooling loads. Since building
energy performance assessment aims to identify a building's
behavior through various tools such as simulation, and since
buildings are complex systems with physical, environmental
and occupancy characteristics, it becomes evident that
accurate inclusion of occupant behavior to assessment
procedures is highly important.

In the present study, three identical offices were com-
pared using different occupancy profiles (deterministic 10,
semi-deterministic SAO and probabilistic AO) to scrutinize
the importance of diverse occupant behavior patterns. The
results demonstrate that inclusion of occupant behavior to
simulation models as detailed as possible facilitates the
potential to obtain higher accuracies between the predicted
and actual consumption levels, thus bridge the building
performance gap, which partly occurs due to simplifications
and assumptions related to building occupant behavior.
Findings demonstrated that:

® Modeling presence in a deterministic manner causes
higher internal gains in comparison to the actual occu-
pant behavior, where random changes in occupied hours
(i.e. having a meeting out of the building) are inevitable.
Thus, regarding occupant presence as a deterministic
input (for instance, office work requires full presence
between 8a.m. to 12p.m. and 1-5p.m.) might result
with an overestimation of occupant sensible gains that
would be reduced from the heating load prediction when
compared to the actual loads that would occur once the
building was commissioned.

® Modeling detailed lighting use behavior would be influen-
tial both on internal gains and the electricity consump-
tion (not taken into consideration in this study). To make
an accurate assessment of building energy performance,
it would be necessary to observe, measure and quantify
the occupancy behavior on lighting use, and stochastic
schedules should be integrated within the simulation
software.

® Modeling thermostat set point control for occupants
could emerge as a function of indoor thermal and
environmental comfort perception and could highly be
influential on the heating and cooling loads, since uni-
form set point ranges are not realistic and comfort is a
highly individual perception.

Based on the results of the present study, further
research on evaluating and integrating the dynamic
nature of occupant behavior into simulation interfaces
rather than accepting it as a generalized assumption
could be encouraged. The shortcomings of this study
mostly reside in its construct, and its limitations in
modeling only the presence, lighting use and thermostat
control data for creating diversity profiles. There is yet
significant potential in evaluating the effects of occupant
behavior on building energy performance assessment
based on influential factors such as comfort, outdoor
climate and interaction with other occupants. Further
research would aim to model occupant behavior through
data collection on occupant behavior using occupancy
sensors, and whole building monitoring of indoor environ-
mental conditions, as well as the utilization of mathema-
tical models to simulate inherent characteristics of
occupants within a space and integration of these models
in simulation environments.
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