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Abstract

Recently, near-zero energy building (NZEB) has been set
as one of the sustainable strategies in building sector to
mitigate the climate change challenges. In this regard, the
technology of building integrated photovoltaic (BIPV)
systems is known as the backbone of the NZEB. This
work aims to examine the feasibility of the NZEB by
means of BIPV systems for a case study across locations
with different climate conditions. These locations are
Munich, Sevilla, Riyadh, and Naples. Building energy
simulation (BES) tools are mostly used to study building
energy performance. However, there are discrepancies
between simulation results and building energy
performance in reality. Occupant behaviour due to its
inherently random nature is known as one of the couses
for these discrepancies, and it is not reflected by the
currently employed schedules in BES tools. This work
uses the stochastic occupant behaviour derived using the
selected methodologies from the literature to produce the
building schedules. Overall annual simulation results
show first, the amount of electricity demand with
stochastic schedules is on average about 1.5 times lower
than the cosumption when the default schedules are
considered. Furthermore, regardless of the type of the
climate condition, with the derived stochastic electricity
demand, which includes all energy demand of the
representative office room except for heating, it is not
possible to achieve the NZEB target by BIPV: an annual
coverage of maximum 55.4% is achieved using about
40% of the south fagade covered by 14% efficient BIPV
modules with a rated power of 244 Wp and an inverter
efficiency of 0.8.

Introduction

Climate change is recognized as a worldwide
sustainability issue and requires urgent action. To
mitigate adverse environmental effects, more energy-
efficient and decarbonized have been cunstructed, most
notably, Near-Zero Energy Builing (NZEB) (Khatib,
2012), (Berardi, 2015). Several countries are required to
mandate the NZEB by the new regulations such as the EU
Directive on Energy Performance of Buildings and the
Building Technology Program of the US Department of
Energy (Recast, 2010; Sartori et al., 2012). There are
different definitions adopted by the researchers for
NZEBs. In general, NZEBs refer to the buildings with
very good energy performance, and their low amount of

the required energy comes mostly from the renewable
energy sources. Detailed definitions and implications for
NZEBs can be found in (Marszal et al., 2011), (Li et al.,
2013). Among all different renewable energy sources,
solar radiation is the most viable option to be adopted in
buildings. As a result, there is a growing agreement that
building integrated photovoltaic (BIPV) systems are the
cornerstone of NZEBs (Li et al., 2013), (Kylili &
Fokaides, 2014). BIPV is defined as the integration of
photovoltaic (PV) systems into the building envelope.
These environmentally friendly systems make the
electricity generated from solar energy a very viable
supplement to the grid.

Various research has been carried out to assess the
potential of BIPV technology to contribute to the building
energy performance (Hwang et al., 2012; Kylili &
Fokaides, 2014; Lu & Law, 2013; Pan et al., 2008). The
main approach to evaluate the NZEB feasibility is to
examine the balance between BIPV energy yield and
building energy demand on an annual, monthly, or higher
resolution time basis. To this end, it is essential to estimate
the energy performance of the building accurately and
reliably which is done mostly by means of building
energy simulation (BES) tools such as TRNSYS,
EnergyPlus, eQuest, etc. Although BES tools have had
considerable progress in modelling the factors influencing
building energy performance, e.g. construction, indoor
environmental control systems, and climate conditions,
they still lack development in occupant behaviour
modelling which results in some uncertainties (Brien et
al., 2017; Dong et al., 2018; Gaetani et al., 2016; Yan et
al., 2015). This has led to the wide study of occupants’
behaviour in residential as well as commercial buildings
to derive stochastic models formulating occupant
behaviour patterns using probability functions. These
stochastic models are generally categorized into
occupancy and occupant’s interaction with building
devices such as appliances, shading devices, etc. (Gaetani
et al., 2016), (Parys et al., 2011).

The case study of the office room in this work is
considered having stochastic schedules for occupancy and
occupant’s use of appliances to produce the profile of the
building energy consumption. The profile is subsequently
used to investigate the feasibility of NZEB target by
means of BIPV systems in selected locations. Following
this introduction, the next section outlines the



methodology; first, data and tools that are used to
implement the stochastic models and to simulate the
energy performance of the case study are shortly
introduced, and then, the description of the representative
office room is given, followed by the main characteristics
of the considered climate conditions. In section three,
energy simulation results are presented and discussed.
Finally, the last section states the main conclusions of this
work.

Methodology

Data and tools

Occupant behaviour modelling in buildings is a process to
produce a non-repetitive time series of states of that
specific behaviour. For example, occupancy models are
aimed to produce a stochastic time series of occupant’s
presence or absence for the entire modelling period. The
models essentially require data collected from the real
performance of occupants for calibration and validation.
In general, there are a few publicly accessible datasets
recorded from occupant behaviour in buildings, e.g.,
Intille et al., 2006; van Kasteren et al., 2011; Zarkadis et
al., 2014. The first two datasets contain data recorded
during a short time period (a few months) and are adjusted
to activity recognition. The latter one is a MySQL
database monitored in Solar Energy and Building Physics
Laboratory (LESO-PB) of the EPFL campus and has been
recorded from December 2001 to March 2008 and is
accessible from 2014 (Zarkadis et al., 2014). The database
is made up of ten tables corresponding to each recorded
data including occupancy, blind position, electric lighting,
etc., from 20 office rooms, and has been used in different
research works (e.g., Page et al., 2008; Ridi et al., 2013).
As it will be explained, stochastic models selected for the
implementation in this work require the probability of
occupant’s presence over one week as input. To provide
this input, occupancy data from the LESO-PB database is
used. Data analysis of this database and implementation
of the stochastic models are conducted by using the R
programming language to generate time series as the
annual schedule for that specific behaviour.

The produced time series is required to be coupled into a
building simulation tool for further energy consumption
simulation. The work presented here relies on an early
stage building design and simulation approach via
simulation engines coupled as plug-ins for CAD tools
(Han et al., 2018). The architecture design of the
representative office room is modelled in the Rhinoceros
3D by using the parametric definition approach in the
Grasshopper environment (plug-in for Rhino) (Rutten,
2015). Dynamic simulations of the defined architecture
are done using the plug-ins embedded in the Grasshopper
environment named Ladybug Tools (M Sadeghipour
Roudsari, 2017; Mostapha Sadeghipour Roudsari et al.,
2013). Ladybug is a collection of free, open-source, and
Python-based applications for environmental designs
released in 2013. There are several modelling plug-ins
developed in this collection including Ladybug and
Honeybee connecting Rhinoceros 3D to valid simulation

engines e.g., Radiance/Daysim, EnergyPlus/ OpenStudio,
Therm/Window, etc.

To simulate the energy consumed by lighting systems, the
amount of available daylight inside the building is a
prerequisite. Dynamic daylight simulation of the
considered office room is done by using the Daysim
simulator. The simulation engine combines Perez all-
weather sky model (Perez et al., 1993) and Radiance
backward ray-tracing approach (Compagnon, 1997) to
produce the time series of illuminance, luminance,
radiances or irradiances that are used to calculate the
electric consumption of the lighting system based on the
specified lighting control. The lighting system in the
office room of this study is considered to be always on
during the active occupancy hours. Energy analysis of the
office room is done by means of the EnergyPlus for each
considered climate conditions. Weather data utilized by
the EnergyPlus are the results from the International
Weather for Energy Calculations (IWEC) which are
available in the format of the EnergyPlus Weather (.epw)
files (Files, 2001).

Stochastic schedules

1. Occupancy

To produce the occupancy time series for this work, the
non-homogenous Markov chain approach proposed in
(Page et al.,, 2008) is used. Time-varying transition
probabilities required for the model are determined by
using two inputs including a probability of presence over
a typical week and a parameter called mobility factor (p).
The inputs are basically used for calibration of the model
to generate a time series of the states for as many weeks
as are indeed interested. The purpose of this work is to
have a stochastic occupancy schedule for a typical
occupant by whom the representative office room is
occupied throughout a year. Therefore, to provide the
inputs, different occupant profiles from the LESO-PB
database corresponding to single-occupant office rooms
are used to produce different weekly probabilities of
presence. In addition, different values of 0.1, 0.3, and 0.5
are used for the mobility factor input of the model to
calibrate the stochastic occupancy model. The simulated
occupancy time series from the selected profiles result in
active occupancy hours for a minimum of 1600 hours and
a maximum of 2050 hours, with the mean active hours of
1825 during a typical year. For sake of simplicity, the
profile (named “Leader 1” in (Zarkadis et al., 2014))
together with p = 0.5 generating active occupancy hours
close to the mean value are selected in the work presented
here. The final time series generates 1851 active
occupancy hours that will be used as “occupancy
schedule” to occupy the representative office room. The
adopted model is evaluated by the consistency between
the input weekly probability of presence derived from the
data (solid red line), and the corresponding probability
derived from the output simulated time series (circle blue
marks) as shown in Figure 1. The final stochastic
occupancy schedule along with the default occupancy
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Figure 1: Profile of probability of presence (office dwelling) simulated from the stochastic occupancy model
proposed in (Page et al., 2008)
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Figure 2: Occupancy annual schedule, stochastic profile (upper) and default profile in the Ladybug tools (bottom)

schedule corresponding to the closed office room in the
Ladybug tools are shown in Figure 2.

As it can be seen, the stochastic model provides
occupancy profile different from day to day consisting of
either presence (1, red) or absence (0, dark blue) for every
hour. The stochastic profile also shows distribution over
time such as arrival and departure time, intermediate
absence mainly as the lunch break, etc.

2. Occupant’s use of appliances
Occupant’s interaction with office appliances is the other
behaviour interested in this work to derive a stochastic
energy consumption profile. There are a few works
dedicated to stochastic modelling of this behaviour in

office buildings. The work presented in (Gunay et al.,
2016) provides links between occupancy and usage of
plug-in loads by developing discrete likelihood
distributions for five different time periods consisting of
(a) occupancy periods, (b) absences less than 12 hours
(intermediate breaks), (c) absences between 12 and 24
hours (nighttime), (d) absences between 24 and 72 hours
(weekends), and (e) absences longer than 72 hours
(vacations). Two simplified and probabilistic approaches
to predict the use of plug-in appliances in office buildings
are presented in (Mahdavi et al., 2016). The work defines
load fraction, the ratio between actual load and installed
load at each time-step, as a function of occupant presence
in that time-step. In the probabilistic approach, load
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Figure 3: Using of Appliances annual schedule, stochastic profile (upper) and default profile in the Ladybug tools

(bottom)

fractions are formulated in three specific Weibull
distributions corresponding to three time periods.

In this work, the probabilistic approach presented in
(Mahdavi et al., 2016) is adopted to produce the stochastic
pattern of the usage of office plug-in appliances. Three
Weibull distributions formulated from the approach are
used to map the occupancy time series generated in the
previous section into three time periods corresponding to
(a) occupied periods or intermediate absences shorter than
one hour, (b) intermediate absences longer than one hour,
or (c) outside working hours. The generated load fraction
time series (8760 values) is used to calculate the energy
consumed by the electrical appliances of the
representative office room, by assuming 10 W/m? power
density for the office appliances, as a conservative
estimation (Mahdavi et al., 2016). The annual schedule
produced from the probabilistic approach along with the
default equipment schedule in the Ladybug tools are
illustrated in Figure 3. Energy simulation results show
51% less electricity consumption for the stochastic profile
compared to the default schedule.

Case study: office room with BIPV facade

This study focuses on the simulation of an office room
inspired by (Gongalves et al., 2018), (Goncalves et al.,
2019). The construction materials as well as thermal
conditions have been defined to represent an energy-
efficient building. For sake of simplicity, it is assumed
that the room is adjacent to zones that experience similar
thermal conditions, therefore adiabatic conditions are set

for the internal walls, ceiling, and floor. The southern
fagade is reserved for the BIPV systems. The BIPV
modules cover only part of the fagade, about 40% of the
surface area; and the rest consists of triple glazing with a
U-value equals to 0.6 W/m-K, a 0.48 solar heat gain
coefficient, and a 0.72 visible transmittance.

The BIPV modules are composed of crystalline silicon (c-
Si) cells with 14% efficiency and a rated power of 244
Wp. DC to AC conversion of the BIPV systems is done
by an inverter efficiency of 0.8. These properties are
assigned to the “Honeybee Generation PV” component
The component adds EnergyPlus photovoltaic generators
to the surface and calculates the BIPV energy yield. The
final definition of the representative office room in the
Rhino 3D environment is shown in Figure 4.

Figure 4: Preview of the representative office room
definition in Rhino 3D



The office room is occupied with the generated stochastic
occupancy schedule. The internal gains related to the
occupant is taken as 120 W/person, corresponding to an
activity level of seating, very light working, according to
ISO 7730 (ISO 7730, 1994). The lighting is also linked to
the stochastic occupancy schedule for a test surface 1m
above the floor area contributing to add 5 W/m? during
active hours (Parys et al., 2011). For the appliances and
the lighting, the electrical loads are equal to the thermal
loads as it is assumed the power consumed for their
operation is entirely converted into heat. To simulate the
power consumed for heating, cooling, and ventilation, a
Variable Air Volume (VAV) Packaged system, as a
typical HVAC system used in commercial buildings, is set
for the office room. For the summer, the cooling system
is allowed to turn on when the indoor temperature is above
24°C during occupied hours, and during unoccupied
hours, the indoor temperature is kept at 28°C. For the
winter season, the heating system is allowed to be
activated when the indoor temperature is below 21°C
during occupied hours, and the room space is kept at 17°C
temperature during unoccupied hours. The room is
ventilated at the rate of 0.0007 m?*/(s-m?) and 0.007 m>/s-
person correspondings to the low-polluting buildings
according to EN 15251 (CEN, 2007).

Climate conditions

Different locations in the Northern hemisphere, inspired
by (Spiliotis et al., 2020) are considered to make sure the
results of this work are widely relevant. The locations
belong to different Képpen climate classes and therefore
provide diversity in climate conditions for this work. The
main climate characteristics of the considered locations
are summarized in Table 1. The locations considered are
Munich (DE), Seville (ES), Riyadh (SAU), and Naples
(USA) corresponding to temperate oceanic (Cfb), hot-
summer Mediterranean (Csa), hot desert (BWh), and
tropical wet and dry (Aw) climate classes, respectively.
Using the office room described previously, dynamic
annual simulations with 1h resolution are carried out for
these locations.

Simulation results and discussion

Figure 5 brings the annual results, while Figure 6 shows
the monthly results. Figure 5 reveals that the energy
consumption without stochastic schedules is more than
the consumed energy considering stochastic schedules;
about 1.5 times. It can be concluded that the default
schedules overestimate the building energy consumption
but may provide a more conservative prediction of the
building energy performance.

B Annual consumption with stochastic schedules
Annual BIPV generation

Annual consumption without stochstic schedules
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Figure 5: Annual results

According to these results, despite the higher global
horizontal radiation, Riyadh has only the second place in
BIPV energy yield which shows the important impact of
the latitude on the energy generation by the south-oriented
facade of the building. In this context, Seville reaches the
highest annual BIPV yield with 47.88 kWh/m?, while
Munich with higher latitude has the lowest annual BIPV
energy yield with 31.4 kWh/m? which is due to low global
radiation. To assessment the contribution of the BIPV
fagade to achieve the NZEB target, Munich has the
highest degree of annual coverage of about 55%, followed
by Seville with 48%, Riyadh with 35%, and finally, the
lowest degree of coverage is achieved by Naples.

Table 2: Annual results of the potential of BIPV energy
yield to cover the electricity demand in four locations

Table 1: Climate conditions of the four selected

locations
Location | Koppen | Latitude | Longitude Global
class [°N] [°E] horizontal
irradiance
[W/m?]
Munich
48.1 11. 1
(DE) Cfb 8.13 7 33
Seville
. -2.4 22
(ES) Csa 36.9 0
Riyadh BWh 247 46.8 252
(SAU)
Naples
A 26.1 -81. 201
(USA) w 6.15 81.76 0

considered
Location Electricity BIPYV yield BIPV
demand with (kWh/m?) coverage
stochastic (%)
schedules
(KWh/m?)
Munich
(DE) 56.67 314 55.41
Seville 99.96 47.88 48.04
(ES) ) ) )
Riyadh
(SAU) 132.42 46.3 34.96
Naples
(USA) 131.51 43.6 33.15

From the monthly results in Figure 6, it can be concluded
that at higher latitudes, such as Seville and Munich, the
BIPV energy yield has more uniform distribution
throughout the year. It might also imply that a more
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Figure 6: Monthly results

uniform profile of BIPV contribution to the NZEB target
can be achieved, whereas, in Seville, the higher energy
consumption in summer due to the cooling loads results
in a lower degree of coverage. This pattern of reduction
during June, July, and August is because of both very low
BIPV generation and very high energy consumption due

to the more demand for space cooling. At lower latitudes,
such as Riyadh and Naples, a large reduction in BIPV

generation during summer can be seen which reveals the
relation of the amount of irradiation reached to the
southern facade, and consequently the BIPV generation to
the latitude i.e. during summer, when the sun is at lower
zenith angles, generation of a southern BIPV fagade is



much lower than at higher latitudes. This reduction
pattern in BIPV generation in Riyadh and Naples, along
with high energy consumption for space cooling, results
in a very low degree in the BIPV coverage of the building
demand. As it can be seen, in Munich the contribution of
the BIPV systems to cover the building energy
consumption is in a range of 35% to 90% throughout the
year, while in Riyadh and Naples, this degree is
significantly reduced to less than 20% from May until end
of August. BIPV generation, however, can cover the
majority of the energy consumption from November to
February in Seville and Riyadh.

Conclusion

This work is the first step towards the evaluation of the
potential of the BIPV fagades to achieve the near-zero
energy building in office buildings. Given the presented
electricity demand, which includes all energy demand of
the representative office room except for heating, it is not
possible to achieve the NZEB target by the BIPV energy
yield of only south fagade. To balance the building
demand, exploiting east and west facades needs to be
considered, especially in low latitudes that electricity
consumption is higher during summer, while the BIPV
generation of the southern facade falls significantly. The
cost analysis of the integration of such a system is a key
factor for decision-makers, which should be included in
future works.

In addition, this paper uses stochastic schedules for the
building energy simulation. The schedules are derived
from a limited number of occupancy profiles of the
LESO-PB database and compared to the default schedules
result in 1.5 times less energy consumption. Although
using the default schedules may be more conservative to
evaluate the potential of the BIPV systems to cover the
building demand, using stochastic consumption profiles is
advantageous to study the impact of the fluctuating loads
on the grid-integration of BIPV systems which is a
concern for future work.
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