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Abstract
In recent years, it has become apparent that households in
energy inefficient buildings use less energy than the
theoretical calculations predict, whereas households in the
latest, most energy efficient buildings use more energy
than provided in the theoretical calculations. Based on
this, some have claimed that the energy efficiency of a
building affects the occupants’ behaviour in relation to
heating so the occupants become less energy saving when
the energy efficiency increases. It has been hypothesized
that residents of energy efficient buildings have higher
indoor temperatures and in general a more wasteful
behaviour than occupants do in less efficient buildings.
This project tested that hypothesis by investigation of an
extensive renovation of four apartment blocks in
Denmark. The heat use was measured for eight years
before the renovation and one year after the renovation.
Before the renovation, indoor temperature, relative
humidity and CO2 concentration was measured in the
bedroom and living room at 5-minute intervals for 4
months in 17 apartments. After the renovation, indoor
temperature and relative humidity was measured in the
central corridor at 5-minute intervals in all apartments in
one block (63 apartments).
No evidence in support of the hypothesis was found. In
most of the apartments, the temperature measurements
were similar before and after the renovation indicating
that the occupants did not increase the heating set-point as
a result of the renovation. The heat use was reduced by
64% after the renovation and the measured use after
renovation was lower than the calculated estimate of
energy use.

Introduction
The energy use and indoor environment of housing units
is to a large extent controlled by the inhabitants’ practices
(Andersen et al., 2009). In identical townhouses, the heat
use can vary by a factor of 20, so the highest use is 20
times higher than the lowest (Andersen, 2012) indicating
that the residents’ heating practices have a large impact
on the heating use. As a consequence, a change in the
residents’ heating practices as a result of a building
renovation has large potential to either enhance or inhibit
the energy savings.
(Gram-Hanssen and Hansen, 2016) Compared the
measured heat use of 135,000 single-family houses in

Denmark to their theoretical heating use in the energy
labels. They found that well insulated houses (energy
labels A, B and C) have a higher energy use than
theoretically calculated. In contrast, poorly insulated
houses (energy labels E, F and G) have a lower energy use
than theoretically calculated. A similar study conducted
on 536,000 households in The Netherlands found similar
conclusions (Aydin et al., 2017).
The rebound effect can be described as the change in
occupants’ behaviour due to technological improvements
and higher energy efficiency. An increase in energy
efficiency will result in a decreased perceived cost of
energy, which in turn will result in an increase in energy
demand. Both Gram-Hansen and Hansen (2016) and
Aydin et al. (2017) argued that the observed differences
between the uses calculated in the energy certificate and
the actual measured use are a sign of the rebound effect.
I.e. the indoor temperature during the heating season is
higher in well-insulated homes than in poorly insulated
homes due to a higher energy efficiency and thereby a
lower perceived cost of heating.
Gram-Hanssen and Hansen (2016) and Aydin et al. (2017)
both state that there is a need for a better understanding of
the rebound eﬀect and the occupant behaviour in order to
reduce energy use in buildings.
Measuring energy use before and after a renovation
project gives an opportunity to study the reduction in
actual energy use that occurs because of improvements
made to the building. By measuring indoor climate
parameters in the building before and after renovation, it
might be possible to examine how the renovation has
affected the indoor environment, and by that detect if
there is a rebound eﬀect.
In this paper, we have studied the indoor environmental
aspects of the rebound effect by comparing measured
indoor environment and energy use in an apartment
building before and after an extensive energy renovation.
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The building

Measurements

The measurements took place in an apartment building
located in a suburb west of Copenhagen, Denmark. The
building is part of a complex consisting of four similar
buildings constructed in 1961.
Before the renovation, the four buildings consisted of 248
similar three-room apartments with a total floor area of
19,248 m². The layout of some of the apartments was
changed during the renovation resulting in 56 easy access
apartments with access to an elevator and 188 apartments
of varying sizes (two-roomed, three-roomed or fourroomed). The renovation of the first building began in
December 2015 and was completed in November 2016.

Indoor climate measurements were conducted in 17
apartments before the renovation from October 2016 to
February 2017. The measurements were conducted using
wireless instruments from Netatmo and included
temperature, relative humidity and CO2 concentration
measured with five-minute intervals in the bedroom and
in the living room.
During the renovation of the apartments, wired
temperature and relative humidity sensors were installed
in the central corridor of each apartment and measured
hourly values as average of samples taken every five
minutes. The measurements in the renovated apartments
were conducted from May 2016 to May 2017 (Table 1).
Outdoor temperature was measured using a weather
station located 12 km from the apartment building (DTU
Climate Station).
Table 1: Overview of measurements before and after the
renovation.

The renovation
The facades of the buildings were moved out closer to the
edge of the roof overhang, which created an additional
apartment depth of 1-2 meters on each side of the
building. Bays and balconies were built at one side of the
building and apartments located at ground level had
private gardens instead. The courtyards were also
renovated to make them more lively and attractive to use.
Passages to the courtyards were constructed in the middle
of the buildings in order to guide more people through the
courtyards. The rooﬁng was renovated in the late 90’s,
and was still in good quality. It was therefore left
untouched in the project.
Bathrooms and kitchens were completely renovated with
new furniture and equipment. This included changing
existing waste pipelines, changing the domestic water
installations and establishing ﬂoor heating in the
bathrooms. The heating system was changed from a onestring system to a two-string system. A balanced
mechanical ventilation system with heat recovery was
installed in the new facade and connected to the existing
exhaust in the bathroom and the exhaust hood in the
kitchen. The new air-handling units serviced one staircase
each and was placed in the basement. District heating
stations at each building block was renovated along with
the pipelines connecting them. Lastly, all installations
were insulated in order to decrease the heat loss.
To increase the tenants focus on energy use digital
information monitors was installed in the hall of each
apartment. The purpose of the information monitors was
to display individual heat, water and electricity use for the
tenants. In each apartment, the energy and water use was
compared to the use in previous years, months and days.
In addition, the monitors informed the tenants about the
temperature and the relative humidity in their apartment.

Before renovation
Measurement
period
Number of
investigated
apartments
Measured
parameters

After
renovation

October 2015 February 2016
17 apartments

May 2016 May2017
63 apartments

Temperature,
Relative humidity
and CO2
concentration

Temperature
and Relative
humidity

The total monthly heat use from before the renovation,
from 2005 to 2014 (except for 2011), was made available
by the housing association DAB (Dansk Almennyttig
Boligselskab). The measured heat use included the
heating of the domestic hot water and the space heating.
After the renovation, the use of space heating and
domestic hot water (in liters) for the individual apartments
was made available by the company Keep Focus. These
measurements were conducted on an hourly basis.
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Results
All indoor temperature measurements from the living
room before renovation were compared to temperature
measurements from the central corridor after renovation
in ﬁgure 1. The black curves represent the measurements
from the living room before the renovation and the red
curves represents the measurements from the corridor in
the renovated apartments. The apartments had similar
indoor temperatures before and after the renovation.

Figure 1: Cumulative temperature distribution before
(black) and after the renovation (red).
The heat use is plotted in ﬁgure 2 as function of the
outdoor temperature both before and after renovation.
Each grey points represent a monthly heat use before the
renovation from 2005-2014 (except for 2011). The red
points represents the monthly heat use of the renovated
apartment building from May 2016 until May 2017.

The data both before and after renovation closely
followed a ﬁtted line. The coefficient of determination
were high (>0.9) for both models, which indicates that
more than 90% of the variation in monthly heat use was
explained by the mean monthly outdoor temperature. The
heat use before the renovation was more dependent on the
outdoor temperature than after renovation.

Figure 2: Monthly heat use (for space heating and
domestic hot water) as a function of monthly mean
outdoor temperature before (grey) and after (red) the
renovation.
Figure 3 is a comparison of the calculated and measured
heat use before and after the renovation. The actual heat
use before renovation was almost half of the calculated
heat use. In the renovated building, the difference
between the calculated and measured use decreased.

Figure 3: Comparison of the calculated and measured
heat use before and after the renovation

________________________________________________________________________________________________
2097
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________

Discussions
The investigation of the indoor temperature showed an
overall picture of no change before and after renovation,
when comparing the 17 apartments before renovation
with the 63 apartments after renovation (ﬁgure 1). The
temperatures before the renovation were measured in the
living room and were compared to temperature
measurements from the corridor. The temperatures in the
corridor and living room were most likely not identical
and as such, large temperature differences between the
two rooms would make the comparison invalid. To
investigate potential large temperature differences
between the corridor and living room, five renovated
apartments were equipped with Netatmo measuring
stations in the bedroom and living room. In these
apartments, variations up to 2.6°C between the two rooms
were observed. However, on average the difference was
within the temperature sensors measurement error,
indicating that there was no difference in the average
temperature between the living rooms and the corridor.
Although the temperature measurements were compared
for the same months, they were conducted in different
years and therefore at different outdoor temperatures. The
different outdoor temperatures could have influenced the
residents’ heating practices and thereby the indoor
temperatures. However, a linear regression analysis
revealed weak correlations between indoor and outdoor
temperatures (correlation coefficients between 0.01 and
0.13 and coefficient of determination between 0.00 and
0.18), indicating that the indoor temperature was affected
very little by the outdoor temperature during the heating
season.
Aydin et al. (2017) found that that people living in rented
homes experience larger rebound eﬀects compared people
living in owned homes. Additionally greater eﬀects were
found for lower income groups and for people with a
higher heat use than the average. Since the measurements
were conducted in rented apartments in social housing, a
significant rebound eﬀect was expected. However, the
measured heat use was only slightly lower than the
calculated heat use of the renovated building.
Gram Hansen et al. (2016) and Aydin et al. (2017) found
that the predicted energy use was larger than the measured
in homes with a poor energy certificate while the opposite
was true in homes with a good energy certificate. The
buildings in our investigation did not have an energy
certificate before the renovation, but the low level of
insulation prior to the renovation would have resulted in
a poor energy certificate and the renovation would have
improved the energy certificate by several steps. As a
consequence, the observed differences in calculated and
measured heat use confirms the findings of Gram Hansen
et al. (2016) and Aydin et al. (2017). However, we found
no change in indoor temperature indicating that the
residents did not change their heating practices during the
renovation. So the reduction in the difference between
predicted and actual heating use after the renovation was
not explained by changes in the occupants’ heating

practices as a result of the renovation. The large difference
in predicted and actual heating use prior to the renovation
may simply be a result of poor assessment of insulation
levels and airtightness of the buildings prior to renovation.

Conclusions
The measured indoor temperatures were similar before
and after the renovation indicating that the residents did
not change their heating practices as a result of the
renovation.
The heat use of the renovated building was less dependent
on the outdoor temperature than before the renovation.
This resulted in a measured 64% reduction in the heat use,
which was a bit higher than the calculated reduction of
57%. The difference in the measured and predicted
heating use was much higher prior to the renovation,
indicating signs of a rebound effect. However, the
measured temperatures had similar distributions before
and after the renovation, indicating that the occupants did
not change their heating practices
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Abstract
This work describes how to find an optimal temporal discretization of occupant behavior (OB) models with and without building performance simulation (BPS) feedback. Three window opening models
proposed by related research were calibrated using
monitoring data sampled in varied time frequencies
between one minute and one hour. The impact of the
time-steps size on the accuracy of the OB models was
analyzed using the minute-wise logged ground truth
data. Eventually, the analyzed OB models were coupled with a calibrated Modelica-based BPS using a
functional mock-up unit (FMU). The results showed
that the co-simulation in hourly time-steps could reliably represent the OB in BPS. Furthermore, the analysis of the OB models using different time resolution
showed, that given enough monitoring data samples,
the sparse temporal resolution acts as a simple but effective regularization strategy in case of data-driven
OB models.

Introduction
OB has been identified to have significant impact
on energy consumption in buildings (Wagner et al.
(2017), Azar and Menassa (2014)). Therefore, occupants’ interactions with building systems such as
window opening and the use of heating, ventilation,
and air-conditioning (HVAC) are an important aspect
of BPS (Hoes et al. (2009)).
The application of the BPS as an experimental procedure to analyze the thermodynamic properties of
the buildings was defined by a number of national
guidelines, including VDI 6020 (2016) and ASHRAE
140 (2017). Based on these guidelines, hourly simulation time-steps were defined as a suitable setting
to reliably represent the dynamic properties of the
building physics and the corresponding HVAC systems. In contrast to the clearly defined requirements
on time-resolution for the BPS, there is no guideline
on the optimal time-steps duration of the corresponding models representing human actions and presence,
which motivated multiple studies on the temporal resolution of OB for BPS (Yan et al. (2015), Feng et al.

(2017)). Feng et al. (2017) analyzed an optimal temporal resolution of OB in BPS regarding the use of
air-conditioning. The results pointed out, that lower
BPS temporal resolutions lead to larger discrepancies between the simulated and measured HVAC energy consumption. As a consequence, BPS should
be simulated using sub-hourly time-steps, or different time resolution could be introduced for BPS and
OB models. The latter was already proposed by Yan
et al. (2015). Additionally, they identified the different time scales of OB and BPS to be one of the key
challenges in representing humans in buildings.
In addition, the implementation of different time discretizations of OB and building physics models could
be particularly challenging in case of co-simulation
between a BPS and a data-driven OB model. Here, a
choice of low temporal resolution could lead to lower
accuracy of OB models, while smaller time-steps result in slow simulation process due to high communication costs (Hong et al. (2018), Wetter and Haves
(2008)).
Previous studies with respect to window opening
models were usually constrained by the logging frequency of available monitoring data. The used
temporal resolution ranged from minute-wise data
(Schweiker et al. (2012)), to 15-minutes time-steps
(Rijal et al. (2008), Langevin et al. (2015), Mahdavi
and Tahmasebi (2017)). As a consequence, there was
a little comparison on the impact of time resolution
on a models’ performance and the question regarding
the suitable time-steps of the window opening models
for the BPS remained open.
The lack of experimental analysis of the temporal
resolution of window opening models motivated the
research in the scope of this study. This research
explores suitable temporal discretizations of window
opening OB models and the efficient dynamic inclusion of OB in BPS using co-simulation. At first, the
impact of the temporal discretization on the performance of previously proposed OB models was investigated.

________________________________________________________________________________________________
2099
Proceedings of the 16th IBPSA Conference
https://doi.org/10.26868/25222708.2019.210166
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________

inputs
HVAC
control
OB-BPS
co-simulation

weather

indoor humidity
binary occupancy (only in case of
OB model „D“)

CO2

CO2, t Tindoor, t

BPS Model

OB Models

x

g(wTx)

y

window states t+1
Figure 1: Co-simulation of a building physics model with a data OB model.
A Modelica-based calibrated BPS model was used in
combination with data-driven OB models as a test
bed for the analysis of the trade-off between the timeefficient BPS and the models’ accuracy. Eventually,
the co-simulation was executed using different temporal discretizations of the BPS and OB model, where
the intermediate steps were interpolated.
The rest of this paper is organized as follows. Section ”System description” describes the computational tools used in the scope of this research. The
method is presented in Section ”Method”. It includes
the analysis of the research of optimal OB time resolution, and of the implementation of numerical interpolation methods used to achieve different time
discretization of BPS and OB. The qualitative and
quantitative evaluation are presented in Section ”Results”. Finally, the previously presented results are
elaborated and summarized in Sections ”Discussion”
and ”Conclusion”.

System description
An overview of the experimental settings of this study
is presented in Figure 1. The system consists of a cosimulation of a calibrated building physics model with
different OB models.
The simulation model of a building with mixed mode
ventilation was built in Modelica Dymola using the
components from the AixLib library (Müller et al.
(2016)). For additional information on the building

in question, the reader is referred to Fütterer and
Constantin (2014).
In the evaluation stage of the OB-BPS co-simulation,
the occupants’ window opening and closing actions
were modeled using the data-driven models. For that
purpose, method proposed in the literature were implemented and trained on a building level. It was
opted for a building-wise model training, since in the
real buildings, not all the occupants may be known,
and it was aimed to quantify the generalization capabilities of different OB modeling methods.
The first window opening model (A) was a logistic regression using indoor and outdoor air temperatures as input variables (Haldi and Robinson (2009)).
The model “A” was established as a baseline model
and it was evaluated by a number of related studies
(Schweiker et al. (2012), Langevin et al. (2015), Mahdavi and Tahmasebi (2017), Laurent et al. (2017)).
The models “B” and “C” were random forest (RF)
and support vector machines (SVMs) algorithms for
the classification of window states (Markovic et al.
(2017)). Since some of the inputs for the models “B”
and “C” were not available in the used data set, they
were omitted (outdoor CO2 and position of sun shadings) or adjusted (presence/absence duration). Resultantly, the input variables were indoor air temperature, indoor CO2 concentration at the current timesteps, indoor CO2 concentration ten minutes earlier,
occupancy (as a binary variable), outdoor air tem-
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perature, outdoor rel. humidity, wind speed, wind
direction, and precipitation.
For the co-simulation, the Modelica model was exported as an FMU and coupled with OB models
implemented in Python. The OB Models were implemented in Python 3.5 using Scikit learn library.
The co-simulation was conducted using PyFMI library (Andersson et al. (2016)). All experiments were
running on Linux-based operating systems (OS).

Method
The proposed method consists of following steps:
 BPS and OB model implementation and calibration
 Evaluation of the impact of temporal discretization on stand-alone OB models’ accuracy
 performance evaluation for the OB-BPS cosimulation using varied time-steps

BPS model implementation
The model consisted of a single zone two-person office as presented by Calı̀ et al. (2014) (office type 2).
The HVAC system consisted of a concrete core activation and a façade fan. The latter was used for
providing fresh air and to cover the peak heating and
cooling loads. The office had two operable windows.
The internal loads consisted of occupants and PCs.
The number of occupants was estimated based on the
measured CO2 levels, similarly to the approach proposed by Jorissen et al. (2017). For that purpose, the
occupants were considered as only source of the indoor CO2 concentration. Their CO2 production rate
was set to 0.3 l/min (Wang et al. (1999)). The model
was populated with monitoring data of an office over
one year. The monitoring inputs for the calibration
stage were weather data, measured CO2 concentration, window states and measured power of mechanical ventilation.
The model was iteratively calibrated using hourly
time-steps. Since the use of a larger tolerance did
not result in an accuracy drop, the tolerance was increased to 0.01. Eventually, the model was exported
as an FMU for the co-simulation analysis. The exported model used the window state as input component Modelica.Interface.RealInput, while air temperature and CO2 concentration at the current timesteps were provided as output variables.
OB Model implementations and training
The OB models “A”-“C” were building-wise recalibrated and trained offline. For that purpose, the
same training and evaluation sets were used as proposed by Markovic et al. (2018). Namely, the models
were trained using data from single or two-person offices, and they were evaluated using data from further
49 occupants. Hence, the originally proposed hyperparameters were used for all models. Additionally,
the weighting coefficient was defined for the under-

represented class. The reason for that was that the
used data set had significantly larger data imbalance
when compared to originally used data sets. Resultantly, the weighting coefficient was defined based on
the validation results (20 % left-out from the training
set) for the models “A”-“C”. The resulting weight coefficient for models “A”-“C” was 10, 20 and 7, respectively. Models “A” and “C” resulted in deterministic
convex problem formulation. However, due to the
random sampling of training and validation set, the
training was repeated 25 times. Additionally, due to
the quadratic time complexity and cubic space complexity of SVMs (Tsang et al. (2005)), the training set
in case of model “C” was sampled down from 500k
to 50k data points. Model “B” used the probabilistic
random forest algorithm, the training and evaluation
was also repeated 25 times, in order to evaluate the
impact of the random initialization.
Optimal resolution for the OB models
The minute-wise logged window states yreal and the
corresponding monitoring data xreal were defined to
be the ground truth data. The low resolution window
states and the corresponding monitoring data were
defined as ylow and xlow respectively. It was considered that the low-resolution data did not change the
value over n minute-wise steps, s.t.
xlow (t) = xlow (t + n − 1)
ylow (t) = ylow (t + n − 1)

(1)

and that xlow (t+n-1) was equal to the ground truth
value at time-steps t
xlow (t) = xreal (t)
ylow (t) = yreal (t)

(2)

In the scope of experiments conducted in this study, n
was assigned values n ∈ {1, 5, 10, 60}. A data-driven
model for the varied time resolution was trained to
identify the window states based on the input features
as
ylow = g(wT xlow ),
(3)
with g(·) being arbitrary learned functions and wT
representing the models’ learned parameters.
Eventually, the performance of OB models ”A”-”C”
was quantified on the evaluation set. For that purpose, the predicted window states ylow,predicted were
compared to the ground truth window states, namely
yreal for each time-steps. The evaluation metrics included the absolute and relative metrics proposed
by Mahdavi and Tahmasebi (2017) and expanded by
Markovic et al. (2018). The absolute metrics consisted of accuracy (ACC), true positive rate (TPR),
true negative rate (TNR), F1 scores and ROC diagrams. The relative metrics include the overall time
where the window was opened, opening actions per
day, opening and closing intervals duration (Mahdavi
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The co-simulation was conducted for three simulation settings. Firstly, the co-simulation was executed
in ten minutes intervals. Here, it was opted for subhourly time-steps in order to represent the events such
as arrival of an additional occupant and to explore the
possibilities of reconstructing the short window openings that are typical for the winter months.
In the scope of the second experiment, the cosimulation was executed in hourly time-steps. Contrarily to the first experiment, this case could not
address the sub-hourly events and short window
openings. Hence, the accuracy of the OB-BPS cosimulation for the low-resolution temporal resolution
was investigated, based on recommended BPS setting
(VDI 6020 (2016)).
The third experiment addressed the co-simulation in
hourly time-steps, where the temperature and CO2
concentration of the in between values were interpolated. Since the smoothness and the monotonicity
of these signals may have variable properties, the effects of the applications of the different interpolation
methods was explored. For that purpose, the linear interpolation, cubic hermit, and splines were implemented. The linear interpolation was computed
piecewise between each two simulated steps. The cubic hermit required 4 previous simulated values in order to fit the first derivative of the third order polynomial (Heath (2005)), while the splines were fitted as
a second order derivative of the quadratic polynomial
(Heath (2005)).

Results

values were linearly reconstructed, and due to their
low impact on the yearly calibration results, they were
not excluded from the evaluation.
Table 1: BPS calibration results.
Metrics MBE RMSE CV RMSE MAE
[%]
[%]
[%]
[-]
Value
0.001
1.170
0.004
0.937
30

Tindoor [°C]

and Tahmasebi (2017)), where the latter two were analyzed using the median value, and interquartile (IQ)the distance between 25 % and 75 % quntiles.
Co-simulation using different time scales

28
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26

Tindoor, simulated

24
22
20
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Figure 2: Yearly course of simulated and measured
indoor air temperature.
Optimal resolution for the stand-alone OB
models
The impact of the temporal resolution on the predictive performance of the OB is evaluated, and the
results are summarized in Table 2, while the ROC diagrams are presented in Figure 3. The results pointed
out, that the use of hourly measured indoor climate
and weather input did not lead to the lower predictive performance when compared to the cases where a
higher temporal resolution of the input variables was
used.
The results showed, that between 60 and 65 % of
the open window states could be correctly identified
for the SVMs and random forest-based classification.
The performance dropped to around 34 % of correctly
identified opened windows in case of the logistic regression with two input variables.

BPS model calibration
1

0.8

TPR [-]

The measured and simulated indoor air temperatures were compared for each simulation time-steps.
For that purpose, the calibration metrics defined by
Coakley et al. (2014) were applied, namely Mean Bias
Error(MBE), Root Mean Square Error (RMSE) and
coefficient of Variation of Root Mean Square Error
CV (RMSE). Additionally, the Mean Average Error
was introduced, in order to exclude the bias due to the
compensation between the temperature under- and
overestimation. The calibration results were summarized in Table 1, while the yearly course of simulated
and measured temperature was presented in Figure 2.
The results showed that the MAE between the measured and simulated temperature was 0.937 °C. Additionally, the discrepancy between measured and simulated air temperature could not be presented realistically using MBE, since the temperature over- and underestimations were compensated. Due to data loss,
monitoring data over several days in January, March,
and November were not available (Figure 2). These

LR, 1 min
LR, 5 min
LR, 10 min
LR, 30 min
LR, 60 min
RF, 1 min
RF, 5 min
RF, 10 min
RF, 30 min
RF, 60 min
SVMs, 1 min
SVMs, 5 min
SVMs, 10 min
SVMs, 30 min
SVMs, 60 min

0.6

0.4

0.2

0
0

0.2

0.4

0.6

0.8

1

FPR [-]

Figure 3: ROC diagramms for the varied temporal
resolutions of the tested classification models.
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Table 2: Predictive performance of analyzed models for varied temporal
step size ACC TPR TNR
F1
Actions Prop. median
[min]
[-]
[-]
[-]
[-]
[1/day]
[-]
[hrs]
Measured
1
1.02
0.07
0.47
LR
1
0.85
0.33
0.89 0.46
0.80
0.07
3.23
5
0.85
0.33
0.89 0.46
0.63
0.07
4.20
10
0.85
0.33
0.89 0.46
0.62
0.07
4.23
30
0.86
0.33
0.89 0.46
0.74
0.07
3.52
60
0.85
0.33
0.89 0.46
0.76
0.07
3.41
RF
1
0.87
0.66
0.88 0.74
4.87
0.07
0.79
5
0.83
0.64
0.85 0.71
2.92
0.07
1.68
10
0.83
0.64
0.85 0.71
2.93
0.07
1.68
30
0.84
0.65
0.85 0.73
4.44
0.07
1.09
60
0.83
0.66
0.85 0.73
4.93
0.07
0.99
SVMs
1
0.84
0.62
0.86 0.70
4.20
0.07
1.03
5
0.83
0.61
0.85 0.70
2.89
0.07
1.55
10
0.83
0.61
0.84 0.69
2.98
0.07
1.56
30
0.83
0.63
0.84 0.70
3.82
0.07
1.21
60
0.83
0.63
0.85 0.71
3.95
0.07
1.16
Case

The performance of the proposed OB models with
simulation feedback was evaluated for varied cosimulation time-steps, and the results are presented
in Table 3. In the cases of SVMs and LR, the impact
of temporal discretization and the introduction of the
interpolated intermediate steps could not be clearly
quantified, since both models tended to classify the
majority of data points in a single class. As a result,
they could not reconstruct the measured OB in satisfying manner.
The results of the RF model evaluation using feedback from BPS showed, that addressing the subhourly time-steps lead to 3-5 % higher accuracy, when
compared to the hourly co-simulation. Additionally,
hourly simulation steps with interpolated intermediate values did not lead to any significant performance
improvements.

IQ
[hrs]
20.01
17.85
19.67
19.80
18.28
18.10
1.13
3.67
3.67
1.40
1.08
1.10
2.52
2.18
1.28
1.23

Table 3: OB predictive performance with a cosimulation feedback, for the varied time-steps. The
analyzed cases include the 10 minutes’ steps, 60 minutes steps and the 60 minutes steps with interpolated
in between values (cases marked as 60*).
Case
LR

RF

SVMs

TS
[min]
10
60
60*
10
60
60*
10
60
60*

ACC
[-]
0.91
0.91
0.92
0.74
0.73
0.71
0.92
0.92
0.92

TPR
[-]
0.00
0.00
0.00
0.81
0.78
0.82
0.00
0.00
0.00

TNR
[-]
0.99
0.99
0.99
0.72
0.72
0.70
1.00
1.00
1.00

F1
[-]
0.01
0.01
0.01
0.78
0.76
0.77
0.00
0.00
0.00

The required time for the execution of co-simulations
at varied time-steps was analyzed and the results are
presented in Figure 4. The results showed, that yearly
co-simulations where the communication took place
every 60 minutes took 100-180 seconds for all three
OB models. The execution time where the intermediate exchanged values were interpolated by the OB
models increased up to 2 % points, when compared to
the latter method. The co-simulation in 10-minutes
steps required between 149 and 596 seconds (clock
time).
600

Clock time
[seconds]

The proportion of correctly identified window states
was analyzed with respect to the opening duration.
Therefore, the opening duration was discretized in
five opening duration intervals, and the evaluation
results were compared to the minute-wise measured
window states. The performance was quantified using
TPR, and the results were graphically presented in
Figure 5. The results pointed out, that the openings
shorter than 10 minutes were classified with the lowest accuracy. Additionally, the results did not show
any significant difference in the classification performance in the case where different temporal resolution
was applied. Based on these results, and based on the
TNR (Table 2), it may be concluded, that the hourly
temporal resolution could result in the identical modeling performance, when compared to the sub-hourly
temporal discretization.
Performance of the OB-BPS co-simulation

discretization.
IQ
median
[hrs]
[hrs]
1.360
7.70
4.667
16.79
6.333
21.51
6.333
21.70
5.367
18.07
5.100
17.45
0.600
3.88
1.183
6.03
1.167
5.97
0.800
4.05
0.633
3.79
0.617
4.27
1.000
6.02
1.000
5.75
0.767
4.61
0.717
4.49

LR
RF
SVMs

400
200
0
10

60*

60

Co-simulation time steps [min]

Figure 4: Simulation run time for the co-simulation
at different time-steps.
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0.7

0.6

0.6

0.2
>6h

Window opening duration

0.3
0.2

Window opening duration

1-6 h

0.2

Time-steps
1 min
5 min
10 min
30 min
60 min

0.4

< 10 min
10-60 min

0.3

< 10 min
10-60 min

0.3

Time-steps
1 min
5 min
10 min
30 min
60 min

0.5

> 6h

0.5
0.4

1-6 h

TPR [-]

0.7

0.4

RF

0.8

>6h

0.5

< 10 min
10-60 min

TPR [-]

0.6

TPR [-]

0.7

SVMs

0.8
Time-steps
1 min
5 min
10 min
30 min
60 min

1-6 h

LR

0.8

Window opening duration

Figure 5: TPR with respect to the window opening duration. The results were presented for each investigated
time-step size.

Eventually, the impact of the time-steps size on the
simulated indoor air temperature was analyzed. The
results were exemplarily plotted for the case of RF
model (Figure 6), since only the random-forest based
OB model could reliably represent both open and
closed window states in this co-simulation setup. Additionally, the simulated indoor air temperature at
different time-steps was compared to the measured
values and the results were summarized in Table 4.
These results showed, no significant difference in simulation accuracy in terms of MBE and CV RMSE.
Hence, the sub-hourly time-steps lead to marginally
lower RMSE and 0.1 Kelvin degree lower MAE while
using a significantly lower simulation runtime.
Table 4: Impact of the co-simulation time discretization on the simulated indoor air temperature.
Metrics MBE RMSE CV RMSE MAE
[%]
[%]
[%]
[-]
10 min -0.003
1.370
0.005
1.084
60 min -0.004
1.570
0.005
1.254
60 min* -0.003
1.435
0.005
1.128

30

Tindoor, measured

Tindoor [°C]

28

10 min
60 min
60 min*

26
24
22
20
18
1

2

3

4

5

6

7

8

9

10

11

12

Time [month of year]

Figure 6: Comparison of measured indoor air temperature and the simulation results for the varied simulation time-steps. Case ”60 min*” refers to the 60
minutes steps with interpolated intermediate values.

Discussion
In the scope of this study, the performance of three
data-driven models was evaluated. For that purpose,
the models were trained offline, where the hyperparameters were kept fixed as defined in the original models’ implementations (Haldi and Robinson
(2009), Markovic et al. (2017)). Since the used data
set of the mixed mode building had significantly
larger data imbalance when compared to the data
from the naturally ventilated building that were used
for development of models “A”-“C”, the weighting
factor for the under-represented class was introduced.
The results implied, that a similar model could be
used for modeling the window openings in naturally
ventilated and mixed-mode buildings, in case the data
imbalance is suitably addressed. Additionally, the
models showed the evaluation performance in a similar range, when compared to the performance reported on originally used data sets.
The impact of the temporal resolution on the OB
model performance was analyzed for the case of the
above listed window opening models. Given a sufficiently large training set, the OB could be reliably
modeled using larger time-steps. Namely, the absolute performance of the investigated models dropped
1-4 percent points in case of sparse temporal representation. However, the detected small range of performance variance could be assigned to the probabilistic
components in the used model formulations, so that
the temporal discretization in the range between 1
and 60 minutes did not have the significant impact
on accuracy.
Although the hourly co-simulation steps did not lead
to the lower absolute accuracy of the proposed window opening models, the lower temporal resolution of
the used monitoring ground truth data would result
in longer time span, over which the monitoring data
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should be collected. This may be a significant drawback in case of a smaller data set. As a result, the
lower time resolution of the monitoring data could be
used effectively for data-driven OB modeling only in
the case of relatively large number of occupants or
longer monitoring campaigns.
This study aimed to quantify the impact of chosen time-steps size on the performance of the window opening models in commercial building. The
results showed, that the suitable time resolution for
the window opening models diverged from the optimal HVAC temporal resolution proposed by Feng
et al. (2017). These results imply, that the suitable time discretization varies with respect to the
different OB actions.Due to that, the future research
should investigate the optimal temporal resolution in
case of different building architecture and alternative
climate conditions. Consequently, no conclusion regarding the overall suitable time-steps size for OB
co-simulation could be drawn.

Conclusion
The goal of the proposed work is to explore the impact of the temporal discretization on the accuracy
of the OB models and on their application in cosimulation. The key findings may be summarized as
following:
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Abstract
This study explores the influence of Saudi Arabian culture
on the use of energy in domestic buildings. Building
occupation/load schedules are used to simulate and
predict energy-using activities. However, the effective
use of this method depends on accurate load schedules.
Failure to achieve this can result in a mismatch between
predicted and actual energy use of up to 40%. Cultural and
behavioural factors have a significant impact on the
assumptions incorporated within the load schedules and it
is, therefore, important to look at these features in detail.
Using a time use data (TUD) survey, it is possible to
improve the accuracy of this information, which can
reduce the mismatch to 15%.

Introduction
Five main inputs are required to predict/simulate energy
consumption for any building. The inputs are climate,
geometry, material, load schedules, and systems. The
accuracy of the predicted energy consumption depends on
whether the five inputs are representative of actual energy
use. At the inception of prediction methods in the 1960s,
this gap could be 2.5 times the real energy use (de Wilde,
2014a). At that time, a gap of this magnitude was
acceptable (Clarke, 2001). However, by the mid-1990s,
with the increase in energy prices, it became essential to
address this performance gap (Norford et al, 1994). In
addition, governments around the world set codes for
companies and factories to control and reduce the amount
of energy consumed. To facilitate this, designers need
more accurate data and predictions to meet the
requirements. As part of this demand, software developers
have designed more sophisticated simulation methods
that have reduced the level of mismatch to about 30%
(Sunikka-Blank and Galvin, 2012). The software outcome
gap is identified in other indices such as thermal comfort,
indoor air quality, acoustic performance, and daylight
levels; the more data provided as an input to the software,
the more accurate the outcome will be (Oberkampf,
2010). One method used to close the gap is to adapt to the
changing conditions, including occupant and climate
change proofing (de Wilde, 2014a).
One of the main factors that needs to be considered in
order to close the gap are the load schedules for occupant
behaviours (Sunikka-Blank and Galvin, 2012; Martinaitis
et al, 2015) Load schedules are the parameter representing

the end-use energy activities of occupants and pose a
significant challenge for modelling due to the
unpredictable and dynamic nature of occupant behaviours
(Paatero, 2006). The impact of people’s behaviours also
concerns governments and institutions. Several initiatives
have been taken to understand such behaviours pertaining
to energy usage. One of the main factors that led to
previous inaccuracies in simulated estimations was
inaccurate assessment and knowledge of people’s
behaviour and activity in any given building (Yoshino,
Hong and Nord, 2017). People’s behaviour gives a better
understanding of energy use in buildings and defines the
necessary calculation inputs for energy simulation. It is
difficult to obtain exact measurements of energy usage in
the real world, but users can reduce the mismatch to an
acceptable level. Higher accuracy is achievable when
exact input data are available, especially information on
building occupancy patterns and activities (Korjenic and
Bednar, 2012). Therefore, for residential buildings,
passive or user-friendly active measures are significant.
At present, the standardised assessments assume a very
high energy usage that does not reflect usage based on
realistic assessments of occupancy (Yu et al, 2011).
Several researchers have discovered that the default load
schedules do not represent real occupant behaviour in
their countries. In response, they conducted TUD surveys
to obtain more accurate behaviour data and to generate
new occupancy schedules (Lamedica, 1994). For
example, Widén et al. (2009a) developed a computational
framework that could generate a comprehensive thermal
model considering realistic energy behavioural patterns.
The aim was to prove that the TUD has high potential for
load modelling in terms of occupant behaviour, which can
introduce realistic behavioural patterns into various
simulations. A TUD survey was conducted by Statistics
Sweden (SCB) in a pilot study in 1996. Wilk (2012)
presented a bottom-up stochastic method to simulate
domestic occupancy behaviours in France and generated
occupancy-driven load schedules from French time-use
survey data during the period 1998–1999. Since then,
TUD surveys have been adopted widely by researchers
from the UK (data collector form attained from NatCen
Social Research), France and Sweden to incorporate
occupants’ behaviours into energy performance
simulations to improve energy consumption predictions.
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Residential occupancy in Saudi Arabia is influenced by
the impacts of Islamic culture on lifestyle. For example,
according to Islam, a Muslim woman should cover her
hair when she is in the presence of non-family males. This
aspect of Islamic culture has had a significant influence
on building design and energy use in houses (Al-Said,
2003). In Riyadh, for instance, two reception rooms are
often used, one for male visitors and the other for female,
because they must stay separate during visits (Alhemaidi,
1996). Several studies have examined how Islamic culture
influences building construction. Al-Hussayen (1980)
compared two types of houses: (1) traditional houses were
built with high regard for privacy and the hot climate.
Designs incorporated a central courtyard, with most of the
windows of the surrounding buildings facing the
courtyard, except for guest rooms, which faced outwards.
This traditional house also used thick exterior walls to
reduce the flow of heat. (2) The climate is less of a
consideration in designs for modern houses. This is less
efficient in terms of energy consumption, but the design
still adheres to cultural requirements for privacy. In a
contemporary residential building, there are two zones –
one for male guests and the other for females and family
– which are separated visually to meet the obligations of
Saudi Arabian culture.
Figure 1 illustrates the levels of privacy considered in
designs for traditional and modern Saudi Arabian houses,
redrawn from Akbar (1981). The lowest level of privacy
is outside and the levels increase to embrace spaces for
male guests, then female guests, and then for family and
relatives. The highest level is individual privacy. Each of
these levels has an expectation regarding the amount of
time for which it will be used and this is further reflected
in the design (Othman, Aird, and Buys, 2015).

Figure 1: Level of privacy in Saudi houses (Akbar, 1981).
In a study conducted at the University of Southern
California, Aljammaz and Schiler (2016) compared the
energy use of residential buildings in Riyadh (24.7136°N,
46.6753°E) and Los Angeles (34.0522°N, 118.2437°W)
using two scenarios. The first scenario was to build
models for villas in Riyadh and Los Angeles and run the
energy simulation using Green Building Studio. The
second scenario was to run the model using additional
data to reflect peoples’ behaviour and use of space. These
two cities provide useful comparisons because they have

similar climates and use similar factors when running
energy programme simulations. Behaviour data were
collected from 80 residents of Riyadh. Seventeen
questions were asked about how they used their space.
The same questions were then asked of 80 residents in Los
Angeles to allow the effects of cultural differences to be
identified. One outcome of the survey was that, in Riyadh,
people generally did not use their windows as much as in
Los Angeles. Californian residents tended to use windows
to enjoy the view; this was less common in Saudi Arabia
due to cultural standards of privacy. Evidence from
previous studies shows that occupant behaviour is
influenced by culture, which has a significant impact on
energy use in domestic buildings. In this paper, we focus
on Saudi Arabian culture. The objective is to investigate
and find the most effective factors and parameters that
influence energy use in buildings. In this study, we tested
four different scenarios on a case study house in Riyadh,
Saudi Arabia. The simulation results demonstrated the
extent to which gaps between energy prediction and the
real amount of energy used can be closed if cultural
behaviour influencing energy end-use is taken into
consideration.

Case Study
The case study was used to test the methodology and to
aid in the design of a questionnaire that would yield the
most accurate results in energy-use simulation models for
Riyadh, Saudi Arabia. The following sections show how
different stages of modelling influence energy-use
predictions and how the incorporation of data from
surveys and interviews can influence the accuracy of
these energy-use predictions.

Building Description
The case study was based on a standard house in Riyadh,
built in 2005. The house (villa) has a basement, ground
floor, first floor, and second floor. It is inhabited by six
occupants. The villa’s total floor area is 500 square
metres; it has double-glazed windows and 30cm-thick
concrete exterior walls with 8cm of insulation. Figures 2
and 3 present the layout of the case study house. The first
two plans (Figure 2) show the basement, where friends
gather, and the ground floor, where guests stay. The grey
area highlights the male guest zone, which male guests are
allowed to use. The third plan shows the first floor (Figure
3), which contains all the bedrooms and is where the
family gathers. The fourth plan shows the second floor,
consisting of storage and service rooms.
The house was modelled using OpenStudio. The detailed
inputs were provided by the landlord and the architectural
design company. The case study went through four
different experimental stages: defining the problem (two
stages), testing the model, and conducting interviews.
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Problem definition

Figure 2: Layout of the case study house in Riyadh
(basement and ground floor).

The first experimental stage was to run simulations to
identify the gap between energy predictions and real
energy use without considering occupant behaviour.
Then, the electricity consumption estimate was compared
to actual electricity bills for 2016 and 2017. The gap
reflected an approximate 40% increase in the predicted
energy use over the actual energy used.
The second experimental stage was to simulate the
materials used in the construction of the building and to
identify any influence that this might have had on the gap
between the predicted energy consumption and the actual
energy use. The results were very similar to simulations
that used default material data. OpenStudio energy
software provided default material data based on the
location of the building, its climate, and material data
provided by the American Society of Heating,
Refrigerating
and
Air-Conditioning
Engineers
(ASHRAE) and EnergyPlus. The ASHRAE climate zone
for Riyadh is 1B, where 1 means very hot and B means
dry.
The energy consumption estimate of the second
experiment was almost equal to the first simulation, with
a minor difference of less than 1%. This suggests that the
accuracy of the material used in the energy consumption
software is high. The result demonstrates that the default
material provided by ASHRAE was the same as the
material provided by the architecture office (Table 1).

Survey
Figure 3: Layout of the case study house in Riyadh (first
floor and second floor).
Table 1: ASHRAE standards of the building envelope for
a hot dry climate.

In order to produce effective questions, we reviewed
several cultural studies and other studies that used the
TUD method to improve simulations. Based on this, the
survey contained 18 questions divided into four sections.
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• Background information
• Family/owner attributes
• House/room characteristics
• TUD for daily/recreational usages
The survey was then tested and modified using data
collected from the case study house. The first section of
the survey focused on personal information, such as the
ages of the occupants. The second section asked questions
about household conditions, such as the number of
resident males and females. In Saudi Arabian culture, a
son does not leave his parents’ house until he is married,
which means he will use the guestrooms to host friends.
Some of the questions helped to identify levels of
occupation between family members and male and female
guests. Other questions in this section asked about the
building, such as its age and the amount of floorspace
allocated to various functions. In the case study house, for
example, the villa was built in 2002 and had 350m2 of
ground floor space. The resident family included four
children aged between 6 and 15 – two boys and two girls.
The third section explored more detailed information
about aspects of household behaviour that related to
energy use. The questions focused on understanding how
spaces were used. Emphasis was placed on temporal
patterns of occupation, such as how rooms were used on
a daily and occasional basis and typical levels of
occupation within any one month. In the case study house,
for example, there was just one guest room for both males
and females, which was occupied around 90 to 100 times
a year. The living hall was rarely used by the family,
usually not more than once a month (because they have a
family room for daily gathering), so it could be used by
guests: this was possible as its aspect retained appropriate
levels of privacy with regard to the rest of the house. The
basement was used mostly during the weekend for friends
gathering at night. Therefore, it was discovered from the
survey that the guest room, dining room, living hall, and
basement were not used on a daily basis. This contrasted
with the kitchen, bedrooms, and family room, which were
typically used daily.
The family did not use the heating, ventilation, and airconditioning (HVAC) system for heating during the
winter, which is why the energy use in the winter was 60%
lower than in the summer. Additionally, the family was
normally absent for three to four weeks each August,
which impacted energy use.
The fourth section focused on the information required to
implement the time-use schedule. Participants were asked
to complete schedules for weekdays and weekends. Data
was collected for each 24-hour daily period and, from this,
information was obtained about the occupation and use of
rooms on an hourly basis (Table 2).

Table 2: Time-use schedule for this case study.

Testing the model
The third experimental stage was to run the simulation
using information on the behaviour of occupants collected
from the TUD survey. To obtain information to help
formulate accurate survey questions, we tested the survey
by running the simulation, analysing the results, finding
weaknesses, and then improving the survey questions.
This process was repeated two more times until
information was obtained that generated the most accurate
simulations when compared with actual data.
The first version reduced the gap from 40% to 35%. Based
on this limited improvement, the questions were reexamined and it was discovered that they were confusing
and easily misunderstood, especially those related to the
time-use schedule. The survey questions were improved,
tested for comprehension, and then data was collected
again from the same occupants. Running the simulation
using data derived from this new survey method produced
outputs that reduced the gap from 40% to 25%.
Scrutinising the results further, it was discovered that
insufficient consideration had given to seasonal variations
in behaviour.
Questions were modified to explore winter behaviour in
more detail. The survey results revealed that the HVAC
system was turned off most of the time and was only
turned on when the outside temperature dropped below
10°C, which applied, typically, for less than one month in
any year. However, in the OpenStudio software, the
default schedule set the thermostat to 21°C for winter
time, which meant that, when the outside temperature was
over 21°C, the heating would be on. This conflicted with
the real energy-use data. In the third version of the survey,
questions were asked about the temperature levels that
were used to engage heating. The third simulation, which
used this information, closed the gap from 40% to 15%.
This confirmed the importance of collecting information
at this level of detail.

Interviews
The fourth experimental stage was to conduct interviews
using an open-answer method. Before conducting the
interviews, visual observations were made of the house to
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understand levels of privacy and to help identify subjects
for investigation. We used Space syntax software to
analyse the visual data and then applied it to the
circulation diagram on the plan (Figure 4). The program
analysed flows through the space.
The space syntax corresponded to the plan presented as a
grid. In this case, we set the grid point spacing (100,000),
and the walls were defined as solid to block vision. The
program defined the visibility volume from the number of
points that touch other points in the space with no wall to
block the connection (Figure 4). The highest connection
in the plan, which means the highest visibility volume,
was 2,850 points (the red colour on the plan [living hall])
and the lowest connectivity was 173 in the bathrooms and
kitchen (dark blue on the plan). The main guest room
showed the second-lowest level of connectivity on the
plan. This shows that, in this case, the owners have one
main guest room for both male and female occupants. A
question arises as to whether this will be affected by the
way in which the room is used: this was discussed with
the householder. In addition, the female and family zones
are joined together without walls and this is why this area
displays the highest levels of visibility. This led to the
discussion of three important points: circulation between
the kitchen and the dining room through the female zone
when guests are in the house; family and female guest
circulation; and how people keep cool in open spaces.

used to calibrate the questionnaire responses and identify
any necessary design readjustments.
During the interviews, the occupants explained the ways
in which the HVAC system was used. It was discovered
that most people use the HVAC system for cooling in
summer and for just a few days of heating in winter. This
data was uploaded to the energy simulation software and
used for the third (and most accurate) simulation.

Summary of the experiments
During the interviews, we found that the number of males
and females living in a house, the size of the house, the
year of its construction, the age of the householder, and
the location were important factors that needed to be used
in the simulations to improve accuracy. Figure 5
illustrates the monthly differential between the percentage
of real and predicted energy use for each experiment.
The year the house was built was an important factor to
consider as Saudi Arabians tend to use the guest zone less
frequently nowadays. This is reflected in the design of
more modern buildings.
The diagram shows the summary data for four outcomes.
The x-axis shows the four experimental outcomes by
monthly bars, and the y-axis displays the percentage
differences between predicted and actual energy uses:
when the bar is lower than 0, predicted energy use is lower
than real energy use.
Experiment 1 (the default schedule) shows the largest gap
between energy prediction and real energy use. In winter,
the software prediction is higher than the real energy use;
this is due to poor understanding of Saudi behaviour in the
default schedule. The software incorrectly expected
rooms to be heated, because the indoor temperature is
lower than the comfort zone, and also failed to consider
the usage of the guest rooms. On the other hand, in
summer, the energy prediction is lower than the real
energy use because of the extreme levels of cooling
required in Saudi homes. This is much higher than the
software predicted. Energy use is much higher in summer,
but the percentage difference between predicted and
actual energy use is lower than in winter (Table 3).
Experiment 2 compared real energy use with the model
after applying the real data used for this case study
manually in the model. The outcome shows no difference,
which demonstrates the high accuracy of the input data
from the ASHRAE standards used by EnergyPlus.

Figure 4: Space syntax analyses.
The interviews took around one hour for parents, and less
for the children. The first part of the interviews explored
the same information collected in the survey, but using
open questions. The second part explored lifestyle and
how the occupants used each room (activities) in detail;
this embraced all waking hours and information obtained
fed into time schedules. Other information collected was
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Figure 5: Examination outcome summary.
Experiment 3 incorporated data from the Saudi behaviour
survey for the load schedules in the simulation. The
percentage gap between predicted and real energy use
dropped from 131% to 16 % during the winter and from
44% to 14% in the summer. The ‘annual’ gap closed to
15%. Experiment 4 also applied elements of Saudi
behaviour in the load schedules. In this experiment, we
interviewed the occupants and used their answers as input.
The gap closed from 5% to 4% in winter and from 5% to
3 % in summer. The ‘annual’ gap closed to 5%.
Table 3 gives a summary of the outcomes of all the
experiments compared with the real energy use in 2016
and 2017. Column 5 shows the real energy use for 2017,
column 6 shows the real energy use for 2016, and column
7 shows the average energy use for 2016 and 2017. The
data in column 1 shows the outcomes of the first
experiment in which the simulation was run using the
Table 3: Summary of the experiments.

default load schedules. This highlights the gap between
energy consumption and real energy use, without
considering Saudi Arabian culture. Column 8 shows the
percentage difference between the energy prediction and
the real energy use, again without considering Saudi
Arabian culture. Column 2 shows the results of the second
experiment, which considered the real materials used in
the construction of the building – rather than the defaults
built into the energy software. The outcomes of the third
experiment are shown in column 4, which considered
people’s behaviour using data taken from the first version
of the survey. After completion of the survey, the
questions went through several revisions to improve their
effectiveness. Columns 10 and 11 show the outcomes of
the third experiment when the data from the second and
third versions of the survey were used. The last column
shows the outcomes of the interviews with the occupants
and the application of their behaviours to the load
schedules.
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Abstract
Emerging evidence suggests that occupants play a
significant role and contribute uncertainty to building
energy performance, yet they are modelled using simple
schedules that may not reflect reality. This paper
examines the impact of occupant-related assumptions on
the building simulation-based design process. Thirteen
variants of the model of a real office building model
were generated representing 13 occupant scenarios.
Each occupant scenario was simulated with 32 different
design alternatives. The design alternatives were ranked
based on their energy performance. The results indicate
that the ranking of about one-third of the 32 design
features is significantly affected by occupant-related
assumptions. The design decisions regarding window
materials and ventilation mode are the most sensitive to
occupant-related assumptions.

Introduction
The use of building performance simulation (BPS) is
increasingly fundamental for the building design
process to predict the performance (Attia, Gratia, De
Herde, & Hensen, 2012; Attia, Hensen, Beltrán, & De
Herde, 2012). BPS is used for a number of purposes
such as code compliance, building certification (e.g.,
LEED), net-zero or high performing building design,
measurement and validation and sometimes for HVAC
design (Ouf, O’Brien, & Gunay, 2018). However,
uncertainty is a major challenge facing the BPS-aided
building design process. Occupants are recognized as a
major source of uncertainty due to their random and
diverse nature (Gaetani, Hoes, & Hensen, 2016; Hoes,
Hensen, Loomans, De Vries, & Bourgeois, 2009).
Occupants are active agents who interact with building
components and influence energy use in buildings. They
can increase energy use in some cases by a factor of two
or even more (Haldi & Robinson, 2011). Occupant
behaviour can cause a significant gap between the actual
and the simulated performance (de Wilde, 2014).
Therefore, studying occupant behaviour has garnered a
surge of attention by researchers over the last few
decades (IEA-EBC, 2014, 2018). Many efforts have
been dedicated to study occupancy and occupant
interactions with different building components such as
lights, windows, blinds and thermostats. Statistical
models were developed based on the data collected
through sensors located in buildings. These models are

designed to predict occupants’ actions based on
specified predictors. For example, using the occupancy
state and the availability of daylight to predict the
likelihood of switching the lights on/off (Gunay,
O’Brien, & Beausoleil-Morrison, 2013; Reinhart,
2004).
In general, practitioners in the architecture, engineering
and construction (AEC) industry tend to follow the
occupancy, lighting, and plug loads-related densities
(e.g., number of people per m2, lighting power per m2)
and schedules prescribed in building energy codes and
standards (O’Brien et al., 2016). The schedules are
diversity factors which account for the steady-periodic
variations in occupancy, lighting, and plug loads during
the week by multiplying the densities with values
between zero and one. Building energy codes and
standards, such as ASHRAE Standard 90.1, treat
occupants as passive recipient of the indoor conditions
and not as an active agents who interact with building
components and systems (Ouf & O’Brien, 2018).
Hence, this method of modelling occupants is
recognized even by practitioners as an outdated and
incomprehensive, and can lead to inaccurate predictions
and design decisions (Gilani, O’Brien, Gunay, &
Carrizo, 2016). Although the inaccuracy of the current
method is widely recognized, the AEC industry is yet to
uptake the results of research into practice due to a
number of reasons. First and foremost, the industry is
hesitant to adopt approaches that are not required by the
codes. In addition, practitioners often have limited time
and budget allocation for a given project which does not
always allow for detailed modelling of occupants.
Further, some practitioners are still uncertain about how
sensitive the design process to the occupant-related
assumptions (Abuimara et al., 2018; O’Brien et al.,
2018; Ouf et al., 2018).
To this end, this paper aims at demonstrating the
potential implications of occupant-related assumptions
during the design process through a BPS-based
investigation conducted on a real case study building.
The sensitivity of design parameters to occupant-related
assumptions during the design process is studied. This
paper first presents a description of the office building
case study. Second, a description of the modelling and
simulation tools is provided. Third, occupant-related
assumptions and design parameters considered in the
investigation are listed. Then, the simulation workflow
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and the results are presented. Finally, the results are
discussed, and future work recommendations are
developed.

Methods
This section describes the methods followed to conduct
the BPS-based investigation of the case study. The case
study model, the modelling tools, the occupant related
assumptions, the design parameters and the simulation
workflow are described. The proposed methodology
relies on the sensitivity of energy use intensity (EUI)
reductions to the occupant-related assumptions. We did
not consider the sensitivity of EUI savings to other
sources of uncertainty, as this was outside the scope of
this paper.
The case study model
An office building in Toronto, Canada which is
currently under construction was chosen to be the base
model for the investigation. The building comprises of
two floors of underground parking, a floor of retail
space, and four floors of office space. For simplicity,
one of the of the four office levels was modelled for the
simulation-based investigation. Each office level has a
floor area of 1728 m2 (see Figure 1). Table 1 provides
an overview of the case study envelope and systems – as
extracted from the engineering drawings and design
specifications.
Simulation tools
The simulation-based investigation was conducted by
using several modelling software. EnergyPlus 8.9.0 was
used for the whole building simulation. The building
geometry was created using SketchUp Make 2017,
while OpenStudio 2.5.0 was used to configure the
HVAC systems. MATLAB 2017a was used to automate
the simulations.

Figure 1: Office building typical floor.

Occupant-related assumptions
Thirteen (13) occupant-related assumptions were made
to create a wide variety of scenarios for the simulation
runs. The occupant related-assumptions include
alternative schedules (occupancy, lights, equipment),
temperature setpoints, equipment loads, and window
blinds use scenarios. Table 2 presents an overview of
these occupant-related assumptions. The assumptions
included alternative people, lighting, and plug-in
equipment schedules. It also included alternative people
densities and plug-in equipment densities. The major
difference between these assumptions is that densities
are used by the software to size the HVAC equipment in
the sizing run. While changes in schedules influence
only the operational energy uses.
Design parameters
To generate design alternatives, several design
parameters were applied to the model for each occupant
scenario. The design parameters included enveloperelated parameters (e.g. wall insulation) and HVAC
system-related parameters (e.g. boiler efficiency,
cooling COP). Further, some of these parameters were
early design parameters such as window to wall ratio
(WWR), whereas some others were design development
parameters such as the solar heat gain coefficient
(SHGC) of the windows. Table 3 provides a list of the
design parameters used in this study.

Table 1: An overview of the energy model of the original design.
Category

Item

Specification

Floor area

Floor

1728 m2

Walls
Roof
Glazing

RSI= 4.6 K·m²/W
RSI = 5.3 K·m²/W
USI = 1.9 W/m2K, SHGC = 0.33
Gross WWR = 46.5%
(South = 85%, North = 12%, East = 41%, West = 41%)
0.19 ach @ 5 Pa
Underfloor air distribution and zone reheat coils
85% sensible, 70% latent
Hydronic baseboard, reheat coils at zone level
Enabled (controlled by differential enthalpy)
0.54 L/s.m2
90%
90%

Envelope

Window to wall ratio (WWR)

HVAC

Boilers

Air leakage
Packaged roof top unit
Airside heat recovery effectiveness
Space heating
Economizer
Ventilation rate
Heating efficiency (natural gas)
DHW boiler efficiency (natural gas)
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loads

The simulation workflow
The design parameters provided in Table 3 were applied
to the models of the thirteen occupant scenarios (original
design + 12 occupant scenarios). 32 design alternatives
were generated for each occupant scenario and

No.
1.
2.
3.
4.
5.

9.9 W/m2
3.9 W/m2

Plug-in equipment power density
Lighting power density

simulated. Thereafter, the rank lists were created for
each base model’s alternatives. Finally, the rank lists
were compared against the original design rank list.
Figure 2 shows a summary of the simulation set-up and
workflow.

Table 2: Occupant-related assumptions.
Type of assumptions
Values of assumptions
Schedules (people, lights, equipment)
Multipliers 0.4, 0.6, 0.8, 1.0 (original design), 1.2
Plug-in loads
9.9 (original design), 14.8, 7.4 W/m2
Number of people
20.0 m2/person (default), 13.3 m2/person, 40.0 m2/person
Original design (cooling 24℃ / 32℃, heating 15.6℃ / 22℃)
Setpoint / Setback
Option 1 (cooling 22℃ / 26.7℃, heating 22℃ / 15.6℃)
Option 2 (cooling 22℃, heating 22℃)
Blind use
Default (always open), always closed, solar radiation-triggered control

Table 3: Design parameters.
Design Parameters

Base model value

Alternatives

South window to wall ratio (WWR)
Window properties
U-factor
Solar heat gain coefficient
(SHGC)

85%

30%

50%

70%

U = 1.90 W/m2K,
SHGC = 0.33

U = 1.47
W/m2K,
SHGC = 0.25

U = 2.04
W/m2K, SHGC
= 0.58

U = 1.62
W/m2K,
SHGC = 0.39

Exterior window overhang

NA

Wall insulation

*Blinds open
Reflectance = 0.7
Emissivity = 0.9
RSI = 3.1 m2·K/W

Roof insulation

Window shading: Blinds
Blind properties

Projection factor:
South = 0.7 (2.5 m deep)
West = 0.85 (2.5 m deep)
Reflectance = 0.55
Emissivity = 0.9

Reflectance = 0.5
Emissivity = 0.55

RSI= 4 m2·K/W

RSI = 5 m2·K/W

RSI = 5.3 m2·K/W

RSI = 7 m2·K/W

RSI = 9 m2·K/W

Air infiltration

0.19 ach

0.15 ach

0.2 ach

Demand controlled ventilation

Disabled

Enabled

COP

3.5

4

Boiler efficiency
Energy recovery ventilator (ERV)
effectiveness
Pump motor efficiency

0.9
At 100% = 0.85
At 75% = 0.70
0.9

0.85
At 100% = 0.88
At 75% = 0.78
0.95

Light power density

3.9 W/m2

5.8 W/m2

RSI = 7 m2·K/W
RSI = 11
m2·K/W
0.25 ach

5
0.95
At 100% = 0.80
At 75% = 0.70

At 100% = 0.75
At 75% = 0.65

7.8 W/m2
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Figure 2: The simulation-based investigation workflow.

Results
The results of simulating the design alternatives of the
13 occupant scenarios (12 + the base case) are shown in
Figure 3 and Figure 4. The results of the design
alternatives that did not demonstrate sensitivity to
occupant scenarios and did not achieve energy savings
were excluded for the ease of interpretation.
The results in Figure 3.a and Figure 4 show clearly the
changes happening in saving potentials and design
alternatives ranking. For instance, the demandcontrolled ventilation (DCV) became more effective
with lower occupancy (0.4 schedules) – generating a
greater energy savings potential. In contrast, the DCV
became less effective when the building is overoccupied (1.2 schedules). The way the DCV functions
allows the supply of ventilation based on the number of
occupants. In other words, the more occupancy was
associated with more ventilation and subsequently an
increase of energy use (Lawrence, 2004). Another
example is the design alternatives with higher SHGC.
Windows with higher SHGC had more impact with
lower occupancy rates (i.e. 0.4 and 0.6 schedules). The
increase in solar heat gains helped compensate the
decreased internal heat gains from occupants, lights and
plug-in equipment.
The results for the two scenarios of the indoor
temperature setpoints and overnight setback are shown
in Figure 3.b and Figure 4 The results showed that the
cooling COP became more effective as a design
parameter as the associated alternatives improved in
ranking. The increased demand on cooling to meet the
lower setpoint and setback required an upgraded cooling
system that can meet the additional loads efficiently. In
addition, the improved envelope properties (window Ufactor, SHGC, and wall RSI) increased in significance
because it minimized heat gains and losses through the
building envelope and assisted maintain the setpoints. In
contrast, the boiler less efficient in saving energy as
result of the increased heating setpoint. Besides, DCV is
less influential as the HVAC system needs to operate for

longer times to deliver the ventilation rates required to
maintain the new setpoints. The results of the second
setpoint scenario, in which a constant setpoint (22℃)
was used year-around, showed that the boiler efficiency,
COP, the envelope insulation and the improved window
properties became more influential as design
parameters. The constant setpoint forced more demand
on the HVAC systems which made more efficient
HVAC equipment attain priority in ranking and achieve
higher energy savings.
In Figure 3.c and Figure 4, varying the number of
people, unlike altering occupancy, lighting and
equipment schedules affected not only energy use but
also the sizing of the HVAC equipment. The BPS tool
multiplies the input occupant densities with the design
day schedule in perform sizing. This approach led to a
different impact on the effectiveness of the design
parameters. For example, in Figure 3.c and Figure 4
where the number of people were 50% of the original
design, the DCV was less efficient as a design
parameter. Contrary to that, when the number of people
was 150% of the original design number, the DCV
became more effective as a design parameter. The
improved COP of the cooling system has also gained
more impact when the number of people was increased
(150% of original design). The increase in the number
of people is associated with additional internal gains
which added burdens on the cooling system and a more
efficient cooling system will be prioritized as a design
parameter. Figure 3.d and Figure 4shows two window
blind use scenarios. The first scenario assumes that the
internal window blinds are closed all the time, which is
not a typical modelling assumption but can be plausible
in practice. In other words, some studies have observed
that some occupant will close the blinds as a reaction to
discomfort (e.g. glare) and leave them closed for an
extended period (days or even weeks) (O’Brien, Kapsis,
& Athienitis, 2013). For instance, a study by Kapsis et
al. (2013) on blind use in a high-rise building using timelapse photography, found that the mean shading
occlusions
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Figure 3: The impact of changes in (a) schedules, (b) number of people, (c) blind use, (d) setpoints, and
(e) equipment loads on the ranking and energy saving of design alternatives.
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ranged between 84% on south façade and 60% on the
north façade. In addition, the study reported that 72% of
the window shades never adjusted throughout the study
period. The second scenario was the case where blinds
are triggered by the solar radiation on windows. Design
alternatives in both scenarios experienced a
recognizable number of ranking changes in different
ways. When the blinds were assumed to be always
closed, windows with a high SHGC and the reduced
WWR became less effective design parameters as the
design alternatives have dropped down in ranking. The
increase in window SHGC and the decrease of WWR on
south façade became ineffective when the windows
were always shaded.
When blinds were triggered by solar radiation,
decreased WWR yielded less solar gains during times of
overheating. They also allowed the useful daylight while
blocking unwanted glare and consequently, reduced
demand on cooling. In addition, they allowed the useful
solar gains during heating season which contributes to
heating the building and daylight utilization.
Two window blinds materials were used as design
parameters in the two window blinds use scenarios. A
change in energy use and ranking was observed with the
use of alternative shade material.
Reducing the equipment loads to 75% of the original
design value, as shown in Figure 3.e and Figure 4
resulted in minimal ranking change. The improvement
of roof insulation becomes more influential as a design
parameter and moved up on the ranking. On the other
hand, the increased equipment loads (150% of the
original design) led the cooling COP and the reduced
WWR to gain significance and move up in ranking. The
increased internal gains from equipment imposed a
sizable load on the cooling system and an upgraded
system (high COP) becomes more influential as a design
parameter.

Discussion
The results of the simulated 13 occupant scenarios
indicated different energy use pattern, savings potential
and ranking of design alternatives. The design process
sensitivity to the occupant-related assumptions point
toward the fact that designers should produce a casespecific set of assumptions that recognize the different
aspects of the intended building use. Codes and
standards should also recognize the sensitivity of energy
performance to occupant-related assumptions and
consider the accompanying variation of saving
potential.
Some technologies, such as DCV, become more
beneficial when non-standard occupant assumptions
were used. This provides an opportunity to utilize such
technologies to achieve energy savings when designing
or upgrading buildings. Codes and standards should also
incentivize the use of adaptive technologies such as
DCV to promote more adoption of these technologies.

Wall and roof insulation have showed robustness to the
different occupant scenarios, in terms of ranking. This
makes them ideal for the design of buildings with
unknown building use characteristics. In contrast, using
window assembly alternatives showed sensitivity to the
different occupant scenarios as they experienced
ranking changes in most of the cases. Generally, the
study results underlined the notion that designers should
devote more efforts in selecting occupant-related
assumptions. Building operation and control strategies
also need to be investigated in order to make the
appropriate design decisions.

Conclusions and future work
The findings of this paper demonstrated the sensitivity
of building design decisions to occupant related
assumptions. The energy savings potential and the
ranking of some of the design parameters were observed
to be highly sensitive to occupant-related assumptions.
The results also indicated that high occupancy in
buildings can reduce the energy savings potential from
design upgrades. In addition, it demonstrated the benefit
of some of the HVAC technologies in certain occupancy
scenarios. In contrast, low occupancy showed a trend of
greater energy use savings with all explored design
parameters.
The findings of this study are specific to the case study
and its context. Other limitations of this study are: (1)
the occupant-related assumptions were used one at a
time not combinations, (2) design parameters were also
applied one at a time and no combinations were
considered, and (3) the study is limited to the consider
occupant-related assumptions or design parameters.
Future research should consider: (1) applying
combinations of design parameters and occupant-related
assumptions, (2) conducting a similar investigation for
different building archetypes and climatic conditions,
and (3) conducting an optimization study to quantify the
implications of occupant related-assumptions on the
building design optimization.
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A generalized inhomogeneous Markov chain occupancy model for open-plan offices using
Real Time Locating System data
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Abstract
A good occupancy prediction model requires enough
input data pertinent to the occupants’ space utilization
patterns. However, most of the occupancy detection
systems cannot provide this detailed information, which
reduces their practicality for open-plan offices. Therefore,
there is a need to use proper sensing techniques to
distinguish between different occupants in open-plan
offices when detecting occupancy patterns. In this study,
the probabilistic occupancy modelling has been further
enhanced using inhomogeneous Markov chain prediction
model based on data collected by a Real Time Locating
System (RTLS). The comparison between the occupancy
profiles resulting from the prediction model and the actual
profiles showed that the prediction model was able to
capture the behaviour of occupants. An adaptive
probabilistic occupancy prediction model, which
distinguishes the temporal behaviour of different
occupants within an open-plan office, allows for the
application of occupancy-centred local control strategies.

Introduction
Buildings are responsible for 41% of the total energy
consumption in the United States (22% for residential
buildings and 19% for commercial buildings), 31% in
Canada (17% for residential buildings and 14% for
commercial buildings), and 41% in Europe (27% for
residential buildings and 14% for commercial buildings)
(US Energy Information Administration (EIA), 2013;
BPIE Database, 2013; Hong, et al., 2015; Natural
Resources Canada, 2015). Therefore, the intelligent use of
energy within buildings is a recent trend of research
studies and is the target of Building Energy and Comfort
Management systems (Nguyen and Aiello, 2013).
According to the International Energy Agency (IEA),
Energy in the Buildings and Communities Program
(EBC), Annex 53 the following parameters are the most
influential for energy consumption in buildings: (1)
climate, (2) building envelope, (3) building energy and
service systems, (4) indoor design criteria, (5) building
operation and maintenance, and (6) occupant behaviour
(Annex 53, 2016). Some of these parameters are easy to
determine, being related to the physical characteristics of
the building (e.g., building size, orientation, construction
materials, Heating, Ventilation, and Air Conditioning
(HVAC) system size and type, etc.). On the other hand,
some parameters that vary with time are difficult to
predict, such as occupancy input. Thus, providing a

comprehensive and reliable occupancy model is still
under development.
Precise estimation of buildings’ energy consumption
requires reliable occupancy models that can generate
detailed occupancy information with acceptable level of
accuracy. Having proper resolution level of data
regarding space utilization patterns is a key factor for
developing accurate occupancy models. Occupancy data
are highly context dependent and they can provide
answers to the following questions: (1) How many people
are present in a space? (2) Who are they? (3) For how long
are they present in the space? and (4) What are they
doing? Having this information helps to determine the
occupants’ interactions with building systems (Hong, et
al., 2015). This will eventually lead to the application of
occupancy-centred local control strategies on the building
systems. Furthermore, occupancy-related information is
useful for different energy management purposes as well
as other areas, such as safety, security, and emergency
response. According to the research results and industrial
practices, considering occupancy model by collecting
real-time data to create occupants’ profiles of energy
usage patterns results in up to 88% savings in energy
consumption (Ardakanian, et al., 2016; Wang, et al.,
2017; Fauzi & Sulistyo, 2018).
The above discussion shows the importance of capturing
detailed-enough occupancy data and the usage of
occupant behaviour analytics (data processing) steps to
filter the input data and create a reliable occupancy model.
Monitoring and data collection are important steps to
capture the occupants’ space utilization patterns. This
data is gathered for a reasonable period through
monitoring techniques, such as Real Time Locating
Systems (RTLSs). However, most of the occupancy
detection systems cannot provide the number of
occupants and their specific locations (i.e., the x and y
coordinates of the occupants) when they are used for
open-plan offices. Most of the research works that
considered shared multi-occupied offices did not
distinguish between different individuals. Therefore, their
practicality is reduced for open-plan offices, which have
multiple thermal zones (Li, et al., 2012). Therefore, there
is a need to use proper sensing and occupancy modelling
techniques to distinguish the temporal behaviour of
different occupants within an open-plan office.
This paper aims to develop a new adaptive probabilistic
occupancy prediction model for open-plan offices based
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on occupancy data. In this study, the occupancy
modelling (i.e., occupants’ profiles) has been further
enhanced using inhomogeneous Markov chain prediction
model, which distinguishes the temporal behaviour of
different occupants within an open-plan office based on
occupancy space utilization patterns data. To this end, the
occupants’ detailed data (who, where, when) are collected
using a relatively new monitoring technology (i.e.,
Bluetooth RTLS) that responds to occupancy changes in
open-plan office buildings with acceptable accuracy.
After developing the personal profile for each occupant
with varying time-steps using advanced data analytics, a
new adaptive probabilistic occupancy prediction model is
developed to be used for occupancy prediction of openplan offices. The proposed model is verified using a case
study. Finally, comparing the building’s real occupancy
and the results of the prediction model provides the
validation of the applicability of the proposed model.

Literature Review
A comprehensive literature review with the focus on
different techniques used to monitor and collect
occupancy data, as well as occupancy modelling in office
buildings has been conducted by the authors (Salimi and
Hammad, 2018). In recent years, radio frequency (RF)based localization technologies, such as Wi-Fi and
Bluetooth are widely used by researchers due to their
deployment flexibility, communication range and ability
to work without line of sight. The ability to track multiple
moving objects in real-time makes Bluetooth Low Energy
(BLE) systems an optimal choice for different
applications, such as building energy efficiency, sport,
and healthcare applications, optimizing store layout,
security, and emergency situations (Quuppa, 2017; Salimi
and Hammad, 2018).
Comparing different research works showed that detailed
data regarding occupants’ location, their number,
identities, and activities can be collected using BLE
location sensors (Salimi and Hammad, 2018). Different
occupants in open-plan offices can be temporally
distinguished using high-resolution occupancy data,
which eventually results in a reliable and accurate
estimation of occupants’ space utilization patterns.
Leveraging stochastic modeling of occupants’ parameters
and profiles helps to reflect the dependencies of
occupancy models on the season, weather, time of day,
and occupant habits and personality (Haldi and Robinson,
2008; Chang and Hong, 2013). Stochastic methods use
real data pertinent to the occupants’ location, movement,
and actions, being collected over a reasonable period, to
predict the probability of an event (i.e., occupant being
present in a space) or an activity (e.g., window opening
behaviour) and generate the probabilistic profiles (Virote
and Neves-Silva, 2012; Wei, et al., 2018). Monte Carlo
methods, Markov Chain, discrete and semi-hidden
Markov Chain models, as well as Poisson model are in the
category of stochastic methods. Since the occupant’s next
state is highly dependent on his/her present state, which is
the basis of the Markov chain process, modelling
occupancy space utilization patterns using Markov chain

is one of the most utilized techniques by researchers
(Salimi and Hammad, 2018).
This study is compared with different research works that
used Markov chain models in terms of the type of Markov
chain model, occupancy model level, type of space, and
information resolution derived from the occupancy
model. Although some similarity can be seen between the
reviewed papers and the current paper, none of them
developed the occupancy model at individual, zone, and
room levels. In addition, the proposed occupancy
prediction model is a generic model that can be used for
offices with any size and any number of occupants (i.e.,
shared and private). This makes the proposed model be
independent of the size of the monitored area as well as
the number of occupants. Moreover, the proposed
occupancy model provides high-resolution information
regarding variations in occupancy patterns by considering
the temporal behavior of occupants through defining the
detailed work states, which are explained in detail in the
next section. Finally, none of the reviewed papers
considered the combination of all these aspects in a realworld scenario. More details regarding the occupancy
monitoring and modelling can be found in Salimi and
Hammad (2018).

Research Method
The occupants’ presence data, including their identities,
durations of presence, and locations in different zones of
a building, determine the accuracy of the occupancy
prediction model. After collecting this data using the BLE
RLTS, the occupancy prediction model is used to
determine the occupants-specific probabilistic profiles
based on their presence data.
In order to capture detailed occupancy information in real
open-plan offices and improve the accuracy of the
occupancy prediction model, open-plan offices should be
divided into multiple zones. The zoning concept enables
the occupancy prediction model to assign different
probabilistic occupancy information to each zone. The
zoning is applied to consider the effect of (1) different
types of activities performed in each zone; (2) different
number of the HVAC terminal units or the number of
luminaires; and (3) different facade orientation for
perimeter zones, to name a few.
To consider the variations in the occupants’ profiles due
to their temporal behaviour, each day is divided into
different time slots. There are typical events of
importance in office buildings that should be captured
while defining these time slots, such as the first arrival to
the office. These time slots are determined based on the
patterns seen in the collected data as will be explained in
the following sections. The events of importance indicate
the typical patterns of the occupants’ activities in openplan offices. These activities are referred to as work states
in this study as shown in Table 1. The duration of each
work state is determined using the monitoring data. The
first arrival to the office is defined as the first reading of
the occupant’s presence in the office after his/her long
absence during the night. The last departure from the
office is determined as the point when there is no
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recording of the occupants’ presence for a duration
greater than four hours after that point. Lunch break is
defined as a break happening around noon with the
duration greater than half an hour. Other breaks during the
day with duration shorter than half an hour are considered
as short breaks. Meetings, as one example of long breaks,
are events that are happening based on a predefined
schedule, such as weekly, bi-weekly, etc.
Table 1: Typical occupancy work states in office
buildings.
Work
State
1
2
3
4
5

Label (in
Prediction Model)

Description
Working in Occupant’s Station
(Occupant’s Zone)
Working in Other Occupants’
Station (Other Zones)
Lunch Break (L)
Short Break (SB)
Long Break/Meeting (LB)

Soc
Sot
Slb
Ssb
Slm

The proposed framework comprises of three main steps
including data collection, data processing, and occupancy
prediction model as shown in Figure 1
Data Collection

Occupancy sensors

Occupancy Prediction Model

Occupant Behavior Analytics
(Data Processing)

Occupants-specific
probabilistic profiles

Phase 1 – Zone calculation

For each time step of the
day:

Occupants location
(Where)

Phase 2 – Occupancy rate
calculation

Occupants identity (ID)
(Who)

Phase 3 - Prediction model
parameters calculation

Occupants activity
(What)

Predicted Information

Occupants Data

Time of day (When)

Work state of each
occupant
Occupant s zone

Number of occupants in
each zone

Figure 1: Proposed framework for the probabilistic
occupancy prediction model.
As mentioned in the Introduction section, occupants
should be monitored over a reasonable period using RTLS
to get occupants’ location, their identities, presence time,
and the type of activities and find the spatiotemporal
patterns of the occupants’ behaviour. To do so, either tags
or cell phones can be used to send signals to the RTLS.
The monitoring system then localizes occupants within a
space using the collected data and gathers the required
occupancy data.
During the occupant behaviour analytics (data
processing), analysis is required to find important
occupancy features, such as the number of present
occupants, periods of absence and presence, and other
occasional variations in the occupants’ profiles.
Knowing that the future state of the occupant depends on
his/her current state, the Markov chain technique is used
in this research to develop the probabilistic occupancy
profiles. Random mobility between different work states
is assumed to account for the occupants’ movement
among the zones inside and outside open-plan offices.
This assumption allows modeling the transitions among
work states in Markov matrices. Therefore, the next work
state of the occupant only depends on his/her present state
and some rules about work states.
At the beginning of Phase 1 (zone calculation) of data
processing steps, the total daily presence time (PT) of

each occupant in office room is calculated from the raw
data. In the next step, the zone of each occupant is
calculated according to the x and y coordinates of his/her
tag for each time-step. This procedure is repeated for each
day (𝑑) of each week of the data collection period (𝑤) and
for each occupant (𝑜). Therefore, the occupants’ zones for
each time-step of PT are determined at the end of Phase
1.
In the first step of Phase 2 (occupancy rate calculation),
the total occupancy duration (TOD) of the office being
occupied is calculated. To do so, the start and end times
of occupancy are respectively equal to the earliest first
arrival to the office and the latest departure from the office
among all the occupants. The difference between the start
and end times of occupancy determines the TOD. Then,
the number of present occupants, and eventually the
occupancy rate for time-step 𝑡, (𝑜𝑐𝑐𝑟𝑡,𝑑 ), are determined
according to Equation (1) at zone and room levels for each
day of a week (𝑑) including weekends, and for the total
number of weeks of the data collection period (𝑊).
𝑛𝑜𝑡,𝑑
)
(1)
𝑁𝑜 𝑤
𝑜𝑐𝑐𝑟𝑡,𝑑 =
× 100%
𝑊
where 𝑛𝑜𝑡,𝑑 is the number of present occupants at time-step
𝑡 and day 𝑑, and 𝑁𝑜 is the total number of occupants
sharing the same open-plan office during day 𝑑.
Having the occupancy rate, a regression curve is fitted to
each set of data (i.e., the occupancy rate for all time-steps)
to represent the changes of the occupancy rate with time
for each day of a week. This information helps to calculate
the internal load from the occupancy presence for the
HVAC system operation at zone and room levels.
Phase 3 (prediction model parameter calculation) of the
data processing procedure comprises of the analysis
required to obtain the occupant-specific transition
probability matrices for each time-step of each day of a
week. This phase starts with changing the time-step
resolution according to the purpose of the occupancy
model. For instance, HVAC system local control
strategies require longer time-steps compared to lighting
control strategies knowing that it takes time for the system
to adjust the zone temperature. After calculating the
occupant’s zone for the new time-step, the work state (𝑖)
of the occupant is determined based on the collected data.
The probability of being at work state 𝑖 (𝑖 = 1,2, … , 𝐼,
where 𝐼 represents the maximum number of work states)
𝑡,𝑑
at each time-step 𝑡, 𝑠𝑜,𝑖
, along with the probabilities of
transition occurrences between different work states are
𝑡,𝑑
calculated over the monitoring period (𝑡𝑟𝑜,𝑖𝑗
). Next, the
transition probabilities between different work states, as
𝑡,𝑑
𝑡,𝑑
defined in Table 1, are calculated using 𝑠𝑜,𝑖
and 𝑡𝑟𝑜,𝑖𝑗
:
∑𝑊
𝑤=1(

𝑡,𝑑
𝑡,𝑑
𝑡,𝑑
𝑃𝑖𝑗 𝑑𝑜 (𝑡) = 1 − 𝑠𝑜,𝑖
+ 𝑠𝑜,𝑖
× 𝑡𝑟𝑜,𝑖𝑗

(𝑖𝑓 𝑖 = 𝑗)

(2)

𝑡,𝑑
𝑡,𝑑
𝑃𝑖𝑗 𝑑𝑜 (𝑡) = 𝑠𝑜,𝑖
× 𝑡𝑟𝑜,𝑖𝑗

(𝑖𝑓 𝑖 ≠ 𝑗)

(3)

These formulas are inspired by the work of Yamaguchi et
al. (2003). However, two improvements are applied to
their proposed formula. Firstly, the Markov chain is time-
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independent in their method. Secondly, they assumed
constant numbers for the parameters 𝑠 and 𝑡𝑟. In this
study, the Markov chain and the parameters are timedependent. In addition, the collected data regarding the
actual occupancy of the open-plan office (on-site
𝑡,𝑑
experiments) are used to define the parameters 𝑠𝑜,𝑖
and
𝑡,𝑑
𝑡𝑟𝑜,𝑖𝑗 with some enhancement in their calculation method
as discussed above.
Considering five states of the transition probability
matrix, this matrix has a dimension of 5×5×288×7 using
5-minute time-step for one day (i.e., 288) and one matrix
for each day of a week (i.e., 7 days).
In the next step, Probability Density Function (PDF) for
each time-step 𝑡 can be deduced from each row of the
Markov transition matrix. Further, the Cumulative
Distribution Function (CDF) is derived from the PDF for
each time-step. The CDF is a histogram of five bins
corresponding to the five work states. Each bin shows the
probability at which a value of that bin can be randomly
selected. Using the Inverse Function Method (IFM) gives
the estimation of the work state for the next period (𝑡 +
1). The IFM works by inverting the CDF of the parameter
of interest. It randomly generates a number between 0 and
1 using a uniform distribution. The random number
determines which bin is going to be selected for the
parameter of interest using the CDF. Figure 2 illustrates
these steps.
Start
Inputs:
 Occupant (o)
 Day of the week (d)
 Time-step (t)
Check in which state (i) is the occupant
Choose the ith row of the Markov matrix that corresponds to occupant o at day d
Pijdo(t) =

Draw the PDF and CDF for the row i of the Markov Matrix

Use IFM to select the work state of the occupant at next time-step (t+1)

break. This makes the transition probabilities timedependent. This type of Markov chain process is called
inhomogeneous Markov chain (Douc, et al., 2004).
In the proposed inhomogeneous Markov chain model for
prediction of space occupancy in multi-occupied offices,
the states of the Markov chain are occupants’ work states
as shown in Table 1. This results in having 5×5×288×7
transition probability matrices independent of the
maximum number of occupants in open-plan offices.
Compared to methods that define transition probability
matrices based on the number of occupants in a zone, [e.g.
Richardson, et al., (2008); Han, et al., (2012); Ai, et al.,
(2014)], or methods that consider some restrictions
regarding the movement of occupants between zones to
reduce the order of transition matrices [e.g. Chen, et al.,
(2015)], using the proposed method significantly
simplifies the calculation of transition probability
matrices. Transition probability matrices are key
parameters in Markov chain models and reducing their
order has a high impact on the overall complexity of the
Markov models, especially for inhomogeneous Markov
chain models with many transition matrices.
The output of the proposed inhomogeneous Markov chain
model is the probabilistic profiles of each specific
occupant. Important occupancy features can be derived
from these profiles. Eventually, building energyconsuming systems are adjusted based on this information
to reflect the variations in different occupants’ daily
profiles.

Implementation and Case Study
Figure 3 shows the picture of the case study location (a
research laboratory). There are six occupants assigned to
two zones within the research laboratory. The monitored
occupants are graduate students conducting research in
different levels of education including master and PhD
students. The BLE-based monitoring system used in this
research (i.e., Quuppa Intelligent Locating System™) can
track the latest smartphones and BLE devices with the
accuracy of 20-50 cm (Grizzly Analytics, 2015; Liu,
2017). The size of the monitored office is 5.0 m×7.0 m×3
m. In order to get the required data for the prediction
model, it is important to know whether the occupant is at
zone 1, 2 or 0 (which is outside the office). According to
the dimensions of each zone (i.e., 5.0 m×3.5 m), the
accuracy of 20-50 cm is precise enough for this study.

Figure 2: Work state estimation flowchart.
Markov Chain Occupancy Prediction Model
As mentioned in Research Method section, the whole day
is clustered into different time slots to reflect the temporal
aspect of occupants’ behaviour. As a result, the
probability of occurrence of different states varies with
the time of the day; and consequently, the transition
probability matrices are different for each of these time
slots. For instance, if an occupant is going out of the office
(at time t) for the lunch break at time t+1, there is a higher
probability to either stay at lunch break or go back to
his/her zone at time t+2 and no probability to go to a short

Figure 3: Case study location (graduate research lab).
In this study, the test was run for one year and since the
collected data from the monitoring system could be used
for different purposes with different levels of accuracy,
the BLE system monitored occupants with high resolution
(i.e., each second). However, the high granularity of one
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Figure 4: Variation in zone 1 occupancy PT for different
days of a week and the average PT.
The occupancy PT over different months of the year is
illustrated in boxplots for both zones as demonstrated in
Figure 5. It can be seen from this graph that the PT of
occupants in zone 2 on average exceeds that of zone 1
during all months of the year. The highest difference
happens during the month of January in which zone 1 had
lower PT than zone 2 during more than 75% of the days.
These boxplots also show that the PT is more consistent
in zone 2 and remains at upper levels while zone 1 PT is
more variable especially at lower levels. In zone 2, the PT
is higher than six hours for 75% of the days of each month
except for December. The most symmetric data is in July
for zone 2. Zone 2 consistent PT makes predictions more
dependable than the highly variable PT of zone 1. The
collected data is skewed to the left for most of the first

nine months of the year at zone 1. This observation is
aligned with the conclusion that occupancy in zone 2
varies much less than that of zone 1.
1200
1000

Preswence Time (min)

second is not required for building energy management.
Therefore, the occupants’ zones are calculated every
minute. During the one-minute time-step, the final
selected zone for that time-step will be the zone in which
the occupant spent more seconds.
Results
Temporal variations in occupancy presence data are
shown by analysing the changes in the occupancy PT for
two time horizons (i.e., daily and monthly) based on the
one-year collected data.
Using the data analytics steps, the PT of occupants for
each day of a week (weekdays and weekends) and at each
zone are derived and the results are shown in Figure 4 for
zone 1. For the first half of the year (i.e., the first 27
instances of days), average PT is around 600 minutes for
zone 1. This number drops 33% to almost 400 minutes for
the second half of the year. However, the average PT of
the first half of the year rarely goes under 400 minutes
besides the beginning of the year that shows smaller PT
due to the holidays. This indicates that office occupants
tend to spend more time outside of the office when the
outside weather gets better during the spring and summer.
Therefore, it is important to consider the seasonal
variations when defining occupancy profiles. The same
data is generated for zone 2 as well as for weekend for
both zones, which are not included here due to space
limitation. As it was expected, the occupancy rate of the
office is much lower during the weekends. However, it is
important to know that the office is always occupied for
several hours during the weekends.

800
600
400
200
0

Month

Figure 5: Variation in occupancy PT for different
months of a year.
Variations in the median of PT can also be observed in
this graph. December shows the lowest occupancy within
all months and in both zones followed by January. The
median PT then starts to increase and is almost stable
during the next five months. Furthermore, distinguished
drops can be detected during July and August. There is an
increase in the PT for the following months. However, the
median shows lower values for the second half of the year
compared to the first half at both zones. The much longer
whiskers for PT of zone 2 in April and August indicate
that PT varies more widely during these two months.
These drops and variations could be due to the spring and
summer break times. This is an indication of seasonal
variations in the PT. The peak of the median occupancy is
observed during February for both zones. Some outliers
are observed especially at zone 2. These abnormal values
can affect the overall observation due to their very high or
low extreme values, and hence should be discarded from
the data series. Removing these points avoid
underestimating or overestimating the PT at both zones.
Overall, the above discussion shows the importance of
applying the effect of temporal behaviour of occupants
when predicting their presence patterns. The remaining
results shown in this study are derived using one month
of data collection. After determining the occupants’ zones
for each one-minute time-step of PT, the average number
of occupants at each zone of the space are calculated for
each day of a week within one month of the data
collection. A regression curve is fitted to each data set
(i.e., the average occupancy rate for each day of a week)
to represent the changes of the occupancy rate with time.
Figure 6 shows the fitted curve for Mondays.
Validation of the Occupant Behaviour Analytics
Method
In order to process the raw data to reflect the five work
states, the ranges derived from ground truth data, as a
basis for data processing, are broken down to smaller time
slots as demonstrated in Figure 7. To do so, the CDF of
the events of importance, such as the first arrival to the
office, are created to determine the actual range of their
occurrences. For instance, the majority of the first arrival
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events have occurred between 08:15 to 11:30 am as
shown in this figure.

𝑃𝑖𝑗 𝑀𝑜𝑛
(05: 45 pm)
𝑜
2

0.7778
0.1111
=
0
0
[0.1111

Figure 6: Fitted curve on the collected data for
Mondays.
Comparing the obtained daily occupancy profiles with
those obtained from one-month ground truth data showed
some differences that are found between the arrival times
and the results of the occupant behaviour analytics
method. The review of the raw data in these cases shows
that the occupants arrived and left the room after a short
stay (less than five minutes). This results in delay for the
processing methods to capture the first arrival of the
occupants. For the other events of importance, the
occupant behaviour analytics method could catch them
with high accuracy. Thus, it can be concluded that the
daily profiles are in accordance with the ground truth data.
Occupancy Prediction Results using Proposed Model
To estimate the occupancy profiles using inhomogeneous
Markov chain occupancy prediction model, all states are
labelled to show the transition probabilities from one state
to another according to the last column of Table 1.
First Arrival
ComingBackFromLunch

GoingForLunch
Last Departure

100

CDF

80
60
40
20
0
7:12

9:36

12:00

14:24 16:48 19:12
Time of the day

21:36

0:00

Figure 7: Cumulative distribution functions of events of
importance during a day at office level.
Different resolution levels are required to control different
building systems according to the discussion in the
Research Method section. To reflect on this logic, fiveand 30-minute prediction time-steps are considered to
determine occupancy predictions for lighting and HVAC
systems control, respectively. As mentioned before, six
probability transition matrices with dimension of
5×5×288×7 are generated for six occupants of the office.
For instance, the transition matrix of occupant 𝑜2 on
Mondays at 05:45 pm is shown below:

0.1111
0.7778
0
0
0.1111

0
0
0
0
0

0
0
0
0
0

0.1111
0.1111
0
0
0.7778 ]

(4)

In this matrix, a row of zero probabilities happens when
𝑡,𝑑
the 𝑠𝑜,𝑖
is zero. In these cases, since the probability of
being in state i is zero at that specific time-step, it is not
possible to have probabilities of state transitions.
Validation of the Inhomogeneous Markov Chain
Occupancy Prediction Model
To validate the performance of the proposed
inhomogeneous Markov chain occupancy prediction
model, the actual occupancy for different days of a week
are compared to those resulting from the prediction
model. Having the occupancy profile prediction for each
occupant results in developing the occupancy rate
prediction for each zone. After calculating the 𝑃𝑖𝑗 𝑑𝑜 (t)
matrices, the number of present occupants in each zone
can be predicted. Assuming 𝑛𝑜𝑡,𝑑 occupants in zone z, the
occupancy rate of this zone for time-step t of day d
𝑡,𝑑
(𝑜𝑐𝑐𝑟𝑧
) is calculated using the average number of present
occupants as follows:
𝑛𝑜𝑡,𝑑
(5)
× 100%
𝑁𝑜
Unlike Equation 1, the effect of number of weeks is not
shown in this equation since this parameter was already
considered in the process of calculating the 𝑃𝑖𝑗 𝑑𝑜 (t)
matrices. Using Equation 5, the occupancy rate at zone
level is calculated and the results are used to control the
lighting system. Since the prediction model demonstrated
the same performance for different days of a week, Figure
8 shows the occupancy rates only for Mondays. The same
comparison was made between the occupancy rates
resulting from the prediction model to be used for HVAC
system control (i.e., 30-minute time-step prediction), and
the real data as illustrated in Figure 9.
The prediction model can accurately estimate the location
of occupants at most periods of data collection during the
day, which shows that the overall performance of the
prediction model is satisfactory. Coefficient of
determination (known as R2) is used as an indicator for
evaluating the performance of the proposed prediction
model. The values of R2 when using the proposed
prediction model for the lighting control are 0.8 and 0.92
for zones 1 and 2, respectively. This would result in
having 0.86 on average for this parameter (86%) for the
application of lighting system control. The same method
is used to calculate the average value of R2 when using
the proposed prediction model for the control of the
HVAC system (68%). These values indicate the high
accuracy of the prediction model in imitating the real
occupancy patterns of the open-plan office.
𝑡,𝑑
𝑜𝑐𝑐𝑟𝑧
=
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Figure 8: Comparison of predicted and the actual
occupancy rates (Mondays)-Lighting control.
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Figure 9: Comparison of predicted and the actual
occupancy rates (Mondays)-HVAC control.

Conclusion
In this study, the occupancy modelling has been further
enhanced using inhomogeneous Markov chain prediction
model based on real occupancy patterns data. The main
contributions of this research are: (1) developing a
method for extracting detailed occupancy information
with varying time-steps from collected RTLS occupancy
data. This method can capture different resolution levels
required for the application of intelligent, occupancycantered local control strategies of different building
systems; (2) developing a new adaptive probabilistic
occupancy prediction model based on the extracted
occupancy information; and (3) developing timedependent inhomogeneous Markov chain occupancy

model, which distinguishes the temporal behaviour of
different occupants within an open-plan office.
Having the occupancy profile prediction for each
occupant results in the occupancy rate prediction at the
zone level. Analysing the changes in the occupancy PT
for different time horizons showed the importance of
applying the effect of temporal behaviour of occupants
when predicting their presence patterns. The comparison
between the occupancy profiles resulting from the
prediction model and the actual profiles showed that the
prediction model was able to capture the actual behaviour
of occupants at occupant and zone levels. The high
accuracy of occupancy patterns prediction (86% and 68%
on average for the lighting and HVAC systems control,
respectively) also indicates the acceptable performance of
the prediction model in capturing the temporal behaviour
of different occupants working in the same open-plan
office.
Although the overall performance of the prediction model
was satisfactory, it may not capture variations in
occupancy patterns, especially in the case of open-plan
offices with varying occupancy. This limitation could be
solved by analysing the whole occupancy data collected
over the course of a year. In addition, the effect of using
other time-steps on the overall performance of the
proposed model should be investigated (e.g. using finer
resolution levels to control the lighting system).
There is a privacy issue when the occupants’ identities are
used to capture detailed occupancy patterns. However,
this issue can be resolved by anonymizing the occupants’
data through defining occupancy profiles per zone. In
addition, having this type of data could be vital for other
purposes, such as emergency and safety. Informing the
monitored occupants about the benefits coming from
using the real-time monitoring system for a reasonable
period could also be helpful to solve this issue.
As future work, the performance of the proposed
prediction model should be evaluated using occupancy
data collected over a longer period of time. Using
different data collection periods and smaller time-steps to
control the lighting system are other parts of the future
work. Future work will also use the proposed occupancy
prediction model as an input to the energy simulation
tools to assess different occupancy-centered local control
strategies considering occupants’ preferences related to
building systems (e.g., HVAC and lighting systems). In
addition, the proposed occupancy prediction and the
energy simulation models will be encapsulated within an
optimization algorithm to select the optimal settings for
the building systems to achieve the objectives of
minimizing energy consumption as well as the occupants’
dissatisfaction.
Running
the
simulation-based
optimization model in near real-time provides more
reliable occupancy responsive local control strategies to
optimize building energy consumption. Thus, the ultimate
results of the practical implementation of this research are
a more robust operation of building systems as well as
more satisfied occupants.

________________________________________________________________________________________________
2128
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________

References
Ai, B., Fan, Z., & Gao, R. X. (2014). Occupancy
estimation for smart buildings by an auto-regressive
hidden Markov model. In American Control
Conference (ACC) (pp. 2234-2239). Portland,
Oregon, USA: IEEE.
Annex 53. (2016). Total Energy Use in Buildings:
Analysis and Evaluation Methods. United Kingdom:
AECOM Ltd.
Ardakanian, O., Bhattacharya, A., & Culler, D. (2016).
Non-intrusive techniques for establishing occupancy
related energy savings in commercial buildings.
Proceedings of the 3rd ACM International Conference
on Systems for Energy-Efficient Built Environments
(pp. 21-30). Palo Alto, CA, USA: ACM.
BPIE
Database.
(2013).
Retrieved
from
http://www.buildingsdata.eu/
Chang, W. K., & Hong, T. (2013). Statistical analysis and
modeling of occupancy patterns in open-plan offices
using measured lighting-switch data. In Building
Simulation, 6(1), 23-32.
Chen, Z., Xu, J., & Soh, Y. C. (2015). Modeling regular
occupancy in commercial buildings using stochastic
models. Energy and Buildings, 103, 216-223.
Douc, R., Moulines, E., & Rosenthal, J. S. (2004).
Quantitative bounds on convergence of timeinhomogeneous Markov chains. Annals of Applied
Probability, 14(4), 1643-1665.
Fauzi, C., & Sulistyo, S. (2018). The Model of HVAC's
Control Technique Based on Occupancy in Smart
Building for Energy Saving. 2018 4th International
Conference on Science and Technology (ICST) (pp. 16). Yogyakarta, Indonesia: IEEE.
Grizzly Analytics. (2015). Seeing Quuppa's indoor
location technology at MWC 2015.
Haldi, F., & Robinson, D. (2008). On the behaviour and
adaptation of office occupants. Building and
environment, 43(12), 2163-2177.
Han, Z., Gao, R. X., & Fan, Z. (2012). Occupancy and
indoor environment quality sensing for smart
buildings. In Instrumentation and Measurement
Technology Conference (I2MTC), 2012 IEEE
International (pp. 882-887). IEEE.
Hong, T., D'Oca, S., Turner, W. J., & Taylor-Lange, S. C.
(2015). An ontology to represent energy-related
occupant behavior in buildings. Part I: Introduction to
the DNAs framework. Building and Environment, 92,
764-777.
Li, N., Calis, G., & Becerik-Gerber, B. (2012). Measuring
and monitoring occupancy with an RFID based

system for demand-driven HVAC operations.
Automation in construction, 24, 89-99.
Liu, Z. (2017). Simulation of Local Climate Control in
Shared Offices Based on Occupants Locations and
Preferences. Montreal, Canada: A thesis in the
Department of Building, Civil, and Environmental
Engineering, Concordia University.
Natural Resources Canada. (2015). Survey of Commercial
and Institutional Energy Use (SCIEU) – Buildings
2009. Retrieved from Natural Resources Canada:
https://oee.nrcan.gc.ca/corporate/statistics/neud/dpa/d
ata_e/databases.cfm
Nguyen, T. A., & Aiello, M. (2013). Energy intelligent
buildings based on user activity: A Survey. Energy
and buildings, 56, 244-257.
Quuppa. (2017). One for all. Retrieved from Quuppa Do
More With Location: http://quuppa.com/applications/
Richardson, I., Thomson, M., & Infield, D. (2008). A
high-resolution domestic building occupancy model
for energy demand simulations. Energy and buildings,
40(8), 1560-1566.
Salimi, S., & Hammad, A. (2018). Critical Review and
Research Roadmap of Office Building Energy
Management Based on Occupancy Monitoring.
Energy
and
Buildings.
doi:10.1016/j.enbuild.2018.10.007
US Energy Information Administration (EIA). (2013).
Annual Energy Outlook, DOE/EIA. Regional analysis
of building distributed energy costs and CO2
Abatement: a U.S.-China comparison.
Virote, J., & Neves-Silva, R. (2012). Stochastic models
for building energy prediction based on occupant
behavior assessment. Energy and Buildings, 53, 183193.
Wang, W., Lin, Z., & Chen, J. (2017). Promoting Energy
Efficiency of HVAC Operation in Large Office
Spaces with a Wi-Fi Probe enabled Markov Time
Window Occupancy Detection Approach. Energy
Procedia, 143, 204-209.
Wei, S., Yong, J., Ng, B., Tindall, J., Lu, Q., & Du, H.
(2018). Occupant Adaptive Behaviour: an Effective
Method towards Energy Efficient Buildings. CIBSE
Technical Symposium. London, UK.
Yamaguchi, Y., Shimoda, Y., & Mizuno, M. (2003).
Development of district energy system simulation
model based on detailed energy demand model. In
Proceeding of Eighth International IBPSA
Conference,
(pp.
1443-1450).
Eindhoven,
Netherlands.

________________________________________________________________________________________________
2129
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________

Inter-Occupant Diversity in Occupant Behaviour Models:
Exploring Potential Benefits for Predicting Light Switch-on Actions
(leave this line blank)
Farhang Tahmasebi1, William O’Brien2, Yan Wang1
Samuel Stamp1, Dejan Mumovic1, Ardeshir Mahdavi3

UCL Institute for Environmental Design and Engineering, London, United Kingdom
Department of Civil and Environmental Engineering, Carleton University, Ottawa, Canada
3
Department of Building Physics and Building Ecology, TU Wien, Vienna, Austria
1

2

Abstract
The present paper reports on the development and crossvalidation of a number of light switch-on behaviour
models with a focus on the implications of inter-occupant
and site-specific diversities. To this end, the study models
light switch-on actions by occupants at three office
buildings in London, Ottawa and Vienna. The models,
which are developed at both single-occupant and officelevel granularities are subjected to on-site and off-site
cross-validations. Thus, the study can examine if the
inclusion of behavioural diversity information enhances
the predictive potential of occupant behaviour models in
different settings. The results of the study suggest that
light switch-on models with single-occupant granularity
can better predict the occupants, based on the occupant for
whom they are developed. This, however, does not
translate into more accurate predictions of other
occupants in different settings. Reflecting on the obtained
results, the authors highlight other potential benefits of
occupant behavioural diversity information for building
performance simulation, which need to be further
explored.

Introduction
The building simulation community has increased its
efforts to reduce the gap between predicted and actual
building energy use through probabilistic representations
of occupants in buildings (Schweiker 2017). However,
several studies have demonstrated that the use of existing
occupant behaviour models involves considerable
uncertainties and does not necessarily lead to a more
reliable performance assessment (e.g., Tahmasebi &
Mahdavi 2017; Gilani et al. 2018). Specifically, it is
shown that without proper treatment of the diversity in
occupants’ behaviour, probabilistic occupancy-related
models fail to provide representative ranges of occupant
behaviour possibilities as intended (O’Brien et al. 2017;
Tahmasebi & Mahdavi 2016). To address this issue,
different approaches for inclusion of diversity in occupant
behaviour modelling efforts have been examined
(Reinhart 2004; Mahdavi 2017; O’Brien et al. 2017; Haldi
et al. 2017). However, with regard to the usefulness of
including diversity information in occupant behaviour
models, previous studies have yielded somewhat
contradictory results (Gilani et al. 2018; Tahmasebi &
Mahdavi 2018). Consequently, the potential benefits of

supplying occupant behaviour models with interoccupant diversity information are not conclusively
established. In this context, the current contribution
revisits the problem to investigate three research
questions:
1. Does modelling the inter-occupant diversity in
light switch-on models contribute to better
predictions of light use in the same setting?
2. To which extent do the data-driven light switchon models offer a predictive potential in new
settings across different countries?
3. Does inclusion of the inter-occupant diversity
information in the modelling effort enhance the
models’ predictive performance in these new
settings?

Method
Buildings and occupant data
The current study focuses on three office buildings in
London, Ottawa and Vienna. The monitored areas in
London and Ottawa offices each include 11 workstations
and the Vienna office comprises of 8 workstations. In all
three office areas the occupants have access to a light
switch to control the lighting conditions of the workplace.
The current study deploys streams of 15-min interval data
on occupants’ presence, state of the light and indoor
illuminance from the offices. In the case of the London
offices, workplane indoor illuminance has been
measured, while at Ottawa and Vienna offices ceilingmounted sensors have measured illuminance. The study
uses one-year datasets from London and Vienna offices
along with two years’ worth of data from Ottawa offices
(referred to as estimation period) to infer three sets of light
switch-on models. A separate two-year-long dataset from
Ottawa offices (referred to as validation period) serves to
test the predictive potential of the developed models.
Table 1 includes basic information on the use of lights in
the studied offices. Specifically, to provide an impression
of the state of the lights during occupied and unoccupied
intervals and the number of light switch-on actions, three
indicators are shown in the table: Fraction of occupied
intervals with switched-on lights, fraction of unoccupied
intervals with switched-on lights and light switch-on rate
at occupied intervals. The table includes the values of the
metrics for individual occupants together with the mean
and standard deviation of the metrics across occupants.
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Table 1: Fraction of occupied and unoccupied intervals with switched-on light and rate of light switch-on actions at the
studied offices in London, Ottawa and Vienna.

Occupant

Fraction of occupied intervals
with switched-on lights [-]

Fraction of unoccupied intervals
with switched-on lights [-]

Light switch-on rate in occupied
intervals [1/hour]

London

Ottawa

Vienna

London

Ottawa

Vienna

London

Ottawa

Vienna

L01

0.89

0.32

0.04

0.03

0.03

0.00

0.35

0.29

0.16

L02

0.73

0.93

0.04

0.23

0.08

0.00

0.44

0.41

0.15

L03

0.84

0.86

0.01

0.28

0.08

0.00

0.51

0.31

0.03

L04

0.84

0.28

0.01

0.28

0.04

0.00

0.51

0.34

0.03

L05

0.82

0.15

0.01

0.27

0.01

0.00

0.50

0.18

0.03

L06

0.82

0.79

0.01

0.27

0.09

0.00

0.50

0.62

0.04

L07

0.83

0.38

0.04

0.18

0.02

0.00

0.28

0.26

0.13

L08

0.83

0.13

0.01

0.18

0.04

0.00

0.28

0.12

0.04

L09

0.31

0.41

-

0.03

0.01

-

0.18

0.37

-

L10

0.33

0.78

-

0.02

0.01

-

0.18

0.73

-

L11

0.92

0.43

-

0.15

0.11

-

0.34

0.48

-

Mean

0.74

0.50

0.02

0.17

0.05

0.00

0.37

0.37

0.08

STD

0.20

0.28

0.02

0.10

0.04

0.00

0.12

0.17

0.06

Light switch-on models
To explore the research questions, the authors developed
the following types of light switch-on models based on
the monitored data obtained from the offices in the
estimation period:
•
Aggregate models (AGG), which were derived
based on the data obtained from all occupants and
light switches in each office area without any
weighting factor;
•
Individual models (L1-L11 in London and
Ottawa offices, L1-L8 in Vienna office), which
were derived based on the data obtained from
each occupant and their associated light switch.
Each model is a logistic regression, which estimates the
probability of turning on the lights based on indoor
illuminance:
𝑃𝑃 =

exp(𝛽𝛽0 + 𝛽𝛽1 𝐸𝐸𝑖𝑖𝑖𝑖 )
1 + exp(𝛽𝛽0 + 𝛽𝛽1 𝐸𝐸𝑖𝑖𝑖𝑖 )

Where P is the probability of a light switch-on action, Ein
is the indoor illuminance, β0 is the intercept and β1 is the
regression coefficient. Note that, without a distinctive
treatment of different occupancy phases (arrival,
intermediate and departure times) and by skipping a
comprehensive variable selection procedure, the models
are kept simple to focus the effort on the research
questions. It should be also mentioned that, to determine
the state of the lights in a building performance model
throughout the simulation period, these models must be

accompanied by switch-off models. This is, however, out
of the scope of the current study.
Cross-validation scenarios
The present contribution follows two scenarios to
examine the implications of inter-occupant and locationspecific diversity for the explanatory power of light
switch-on models.
Firstly, to answer the first research question in an ideal
scenario, each single-occupant model from Ottawa
dataset is used to predict the occupant, based on whom the
model is developed. Thus, the study can explore the
potential advantages of integrating inter-occupant
diversity information in light switch-on models.
Secondly, to answer the second and third research
questions, the models developed based on London and
Vienna offices are tested to predict the occupants at
Ottawa offices. Thereby, both aggregate and individual
models are deployed to examine the explanatory power of
the models in different settings with and without inclusion
of inter-occupant diversity. In this scenario, the individual
models are randomly assigned to the occupants in the new
setting.
Model evaluation metrics
In order to measure the models’ ability to discriminate
between occurrence and non-occurrence of light switchon, the authors deployed a rather novel metric in this field,
namely the coefficient of discrimination. This metric is
suggested by Tjur (2009) in the context of logistic
regression as an analogue to coefficient of determination
(R-squared) in ordinary regression models. Coefficient of
discrimination (CoD) is calculated as follows:
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𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑃𝑃�1 − 𝑃𝑃�0

Where 𝑃𝑃�1 and 𝑃𝑃�𝑜𝑜 denote the average estimated
probabilities of light switch-on, respectively, for the socalled successes (intervals, in which a switch-on has been
observed) and failures (intervals, in which a switch-on has
not been observed). Coefficient of discrimination takes
values between 0 and 1. A value of 0 corresponds to “no
explanatory power” (all fitted values are equal), and a
value of 1 corresponds to “perfect fit” (the fitted values
coincide with the observations). This indicator offers two
advantages in evaluation of occupant behaviour models:
Firstly, it is obtained without conducting Monte Carlo
simulation of the model (as it deploys the estimated
probabilities and not the randomly-sampled states).
Secondly, it does not require the inclusion of models’
feedback as it examines the models’ predictions in a set
of disconnected time intervals.
With this probability-based approach to model evaluation,
it is also possible to estimate a number of widely-used
metrics for occupant behaviour models (e.g. Schweiker et
al. 2012) without relying on the state of devices through
the Monte Carlo simulation of the model. These metrics,
which in the present study serve to evaluate the models in
terms of the agreement between predicted and monitored
switch-on actions, are as follows:
•
TPR (True Positive Rate), as the proportion of
actual switch-on actions, which are correctly
predicted. This metric is equivalent to 𝑃𝑃�1 .
•
FPR (False Positive Rate), denoting the
proportion of intervals without a switch-on
action, for which occurrence of a switch-on
action is predicted, as an equivalent of 𝑃𝑃�0 .
•
TNR (True Negative Rate), denoting the
proportion of intervals without a switch-on
action, which are correctly predicted. This metric
is equivalent to 1 − 𝑃𝑃�0 .
•
FNR (False Negative Rate) as the proportion of
actual switch-on actions, which are wrongly
predicted, as an equivalent of 1 − 𝑃𝑃�1 .
In addition, the authors included another widely used
metric in occupant behaviour studies referred to as
Accuracy (ACC). While it has been argued that the way,
in which this metric has promoted occupant behaviour
models can be misleading, it can serve to put the models’
predictive performance in perspective. In the present
study, ACC is seen as an indicator for the models’
potential in discriminating actions and nonactions
weighted by their numbers, which is calculated as
follows:
𝑃𝑃�1 𝑠𝑠 + (1 − 𝑃𝑃�0 )𝑓𝑓
𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑠𝑠 + 𝑓𝑓

Where s denotes the number of successes (occurrence of
light switch-on actions), and f denotes the number of
failures (non-occurrence of light switch-on actions).

Results
Light switch-on models
Table 2 provides the estimated coefficients of logistic
regression models for the individual and aggregate light
switch-on behaviour at London, Ottawa and Vienna
offices. Figure 1 to Figure 3 illustrate the models’
response curves at indoor illuminance of 0 to 300 lux.
Note that the models based on the data from London
offices use workplane illuminance, whereas the Ottawa
and Vienna models take ceiling illuminance as input.
Table 2: Estimated coefficients for logistic regression
models of light switch-on based on single occupant/light
data (L1 – L11) and the aggregate data from all
occupants and lights in each office area (AGG).

Model

L01

L02

L03

L04

L05

L06

L07

L08

L09

L10

L11

AGG

Parameter

Estimate
London

Ottawa

Vienna

β0

-1.4203

-1.2938

-2.0994

β1

-0.0029

-0.0450

-0.0120

β0

-1.6457

1.2943

-2.2482

β1

-0.0027

-0.0172

-0.0098

β0

-2.1927

0.3499

-3.9995

β1

-0.0011

-0.0197

-0.0110

β0

-2.0588

-1.3910

-3.6027

β1

-0.0030

-0.0131

-0.0240

β0

-2.3964

-0.6994

-3.3241

β1

-0.0017

-0.0597

-0.0166

β0

-2.6852

0.7360

-3.6342

β1

-0.0013

-0.2909

-0.0048

β0

-1.2908

-0.1651

-1.8020

β1

-0.0139

-0.5580

-0.0315

β0

-1.0894

-1.6749

-2.8064

β1

-0.0078

-0.5726

-0.0140

β0

-1.9434

-1.2640

-

β1

-0.0059

-0.0844

-

β0

-1.4360

0.3004

-

β1

-0.0206

-0.1099

-

β0

-1.6678

-0.4881

-

β1

-0.0014

-0.1083

-

β0

-2.1230

-1.0403

-2.9109

β1

-0.0020

-0.0193

-0.0107
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Figure 1: Estimated single-occupant and aggregate
light switch-on probabilities at London offices.
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Figure 2: Estimated single-occupant and aggregate
light switch-on probabilities at Ottawa offices.
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Figure 3: Estimated single-occupant and aggregate
light switch-on probabilities at Vienna offices.
Models’ predictive performance
Table 3 provides the values of 𝑃𝑃�1 , 𝑃𝑃�𝑜𝑜 , Coefficient of
Discrimination (CoD), TPR, FPR, TNR, FNR and ACC
for the aggregate and individual models developed based
on London, Ottawa and Vienna data as tested on the
Ottawa offices in the validation period. The table also

includes a pseudo-model that does not return any switchon actions (i.e. it assumes the lights are always switched
off) to put the models explanatory power in context.
Moreover, to better compare the performance of Ottawa
models in discriminating light switch-on actions, Figure 4
shows the predicted switch-on probabilities by aggregate
and individual models for separate sets of intervals as
follows: a) intervals with a switched-off light, where a
switch-on actions is observed (i.e. the ideal prediction
equals 1) on the left-hand side histograms; b) intervals
with a switched-off light, where a switch-on action is not
observed (i.e. the ideal prediction equals 0) on the righthand side histograms.

Discussion and conclusion
Models’ explanatory power in the same setting
Focusing on the predictive performance of Ottawa-based
models to answer the first research question, the values of
CoD and ACC provided in Table 3 indicate that the
individual light switch-on models outperform the
aggregate model (CoD of 0.1 versus 0.03, and ACC of
0.85 versus 0.79). The higher explanatory power of
individual models can be also seen in Figure 4.
Comparing the two histograms on the left-hand side
shows that the individual models have, to some extent,
pushed the histogram mass to the right endpoint (toward
the ideal prediction of 1). More noticeably, contrasting the
histograms on the right-hand side reveals that the
individual models have pushed the histogram mass to the
left end point (toward the ideal prediction of 0).
As mentioned at the outset, this validation procedure
represents an ideal scenario, in that model estimation and
validation happens at the same setting (Ottawa offices)
and the single-occupant models predict the very
occupants, based on whom they are developed.
Nonetheless, the results underline the theoretical potential
of inter-occupant diversity information toward enhancing
the explanatory power of occupant behaviour models.
Models’ explanatory power in different settings
In view of the applicability of the models in different
settings (research questions 2 and 3), the results provided
in Table 3 suggest the following: The models’ predictive
performance is far from satisfactory and the inclusion of
inter-occupancy information, if anything, reduces the
models’ explanatory power. This can be seen, in
particular, by the extremely low values of CoD (and by
the lack of improvement due to the inclusion of interoccupant diversity information) in testing London and
Vienna models based on Ottawa data.
In this regard, one may argue that the high values of ACC,
namely above 0.85 in four cross-validation tests, are
promising. However, the ACC value of 0.98 resulting
from the no-switch-on pseudo model (which does not
require any modelling effort) put this in a better
perspective. Note that, ACC is obtained by weighting the
models’ predictions based on the number of observed
intervals with and without actions. Arguably, in any study
on the use of lights, the intervals in which a switch-on
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action is observed comprise a very small portion of the
intervals in which the occupant has the possibility to turn
on the light. In the current case study, the proportion is as
small as 1.7%, which results in an ACC value of 98.3%
for a pseudo model that assumes that the occupants never

turn on the lights. Therefore, since the occupant behaviour
models are intended to capture the – perhaps infrequent
but arguably influential – adaptive actions, an indicator
such as CoD can better direct the researchers toward
enhancing the explanatory power of the models.

Table 3: Values of the model evaluation metrics for aggregate and individual light switch-on models developed for
London, Ottawa and Vienna offices as tested for Ottawa offices in the validation period.
Model(s)
type

Estimation
location

Aggregate

Ottawa

Individual
Aggregate

London

Individual
Aggregate

Ottawa

Vienna

Individual
No switch-on

-

CoD

TPR

FPR

TNR

FNR

ACC

0.24

� 𝟎𝟎
𝑷𝑷

0.20

0.03

0.24

0.20

0.80

0.76

0.79

0.23

0.14

0.10

0.23

0.14

0.86

0.77

0.85

0.11

0.10

0.01

0.11

0.10

0.90

0.89

0.88

0.13

0.13

0.00

0.13

0.14

0.86

0.87

0.85

0.03

0.02

0.01

0.03

0.02

0.98

0.97

0.97

0.10

0.09

0.01

0.10

0.09

0.91

0.90

0.90

0.00

0.00

0.00

0.00

0.00

1.00

1.00

0.98

� 𝟏𝟏
𝑷𝑷

Aggregate model from the same offices in Ottawa
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Figure 4: Histograms of predicted light switch-on probabilities for the Ottawa offices in the validation period provided
by aggregate (top) and individual (bottom) models from the same offices in Ottawa. The histograms on the left-hand
side show the predictions for the intervals in which a light switch-on is observed. The histograms on the right-hand side
show the predictions for the intervals in which a light switch-on is not observed.
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Reflections on the challenges and future research
Setting the findings on the three research questions side
by side, the authors argue that, in principle, the inclusion
of inter-occupant diversity in behaviour models can
enhance their predictive power. However, this does not
constitute an easy solution to extend the applicability and
reliability of occupant behaviour models in different
settings. In fact, given the very diverse nature of occupant
behaviour in the three buildings studied here, relying on
the off-site aggregate models to capture the average
tendencies in occupants’ use of lights seemed to a be more
reasonable choice.
More specifically, as compared with other aspects of
occupant adaptive behaviour in buildings, use of electric
lighting seems to pose a greater challenge to develop
occupant behaviour models for different settings. As it
stands, indoor illuminance measurements are conducted
differently from one place to another. Besides, given the
evolving nature of everyday activities, setting an
appropriate metric to represent the perceived adequacy of
illumination does not seem to be a trivial task (see
Raynham et al. 2019, as a recent effort in this area).
All in all, the authors believe that the motivation behind
understanding and modelling inter-occupant behavioural
diversity is not solely to enhance the accuracy of occupant
behaviour predictions in different settings. Rather, to
provide effective simulation-based design support,
occupant models would have to be based on statistically
representative diversity information. The necessity for
inclusion of diversity depends on the design questions.
For example, studies focused on robustness (e.g., O’Brien
and Gunay, 2015) and other probabilistic results require
that inter-occupant diversity be quantified. In contrast, for
large building or community-scale projects, interoccupant diversity tends to cancel out, with predictions
converging on the equivalent of an average occupant
(Gilani et al., 2018). However, there is little risk in
including diversity; the main cost is the required model
training and minor additional effort in interpretation of the
model and simulation output.
The current results highlight the need for larger numbers
of coordinated behavioural studies including diversity
considerations. Moreover, further concerted efforts are
necessary to formulate and implement practically feasible
inclusion of diversity information in models of occupants'
control-oriented actions in buildings.
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Abstract
This paper proposes a probabilistic model that can
provide the inter-individual variation of thermal sensation
under a certain thermal condition. In contrast to the
conventional model of predicting thermal sensation votes
(TSVs) deterministically, our method in which an ordinal
probit regression is adopted can capture stochastic
characteristics for TSVs of a large group model. Model
parameters were estimated using a hierarchical Bayesian
inference technique. The results, based on a subset of the
ASHRAE Global Thermal Comfort Database II, show
that the proposed model provides accurate prediction of
TSVs’ variation. The PMV–PPD relationship was
compared among the proposed model, field data, and
Fanger’s model. Unlike Fanger’s model that has the
lowest PPD in the neutral prescribed by the PMV, the
highest satisfaction of field data was shifted toward
slightly cool side and our prediction model captures this
skewed trend.

Introduction
Comfortable thermal environment is defined as thermal
conditions acceptable to 80% or more of the occupants
within a space (ASHRAE, 2017). Although the concept
of acceptability is hardly defined by the standard, it is
generally agreed within research community that
acceptability is synonymous with satisfaction (de Dear &
Brager, 2002). Furthermore, satisfaction is known to be
associated with thermal sensations of slightly warm,
neutral, and slightly cool. It corresponds to the definition
of PPD (Predicted percentage dissatisfied), which is
expressed with the percentage of occupants with thermal
sensations of other than above-mentioned three categories.
That is, thermal conditions of PPD  20% is arguably
comfortable. Based on the relationship between the
predicted mean vote (PMV) and PPD, this comfort
condition is roughly corresponds to the range of
PM V  [  1,1] . However, this does not necessarily mean
a space which meets this comfort condition guarantees
more than 80% of occupants’ satisfaction as several
studies have reported discrepancies between the PPD and
actual percentage dissatisfied (Humphreys & Fergus
Nicol, 2002; Schiller, 1990; van Hoof, 2008).
The PMV represents a mean thermal sensation of a large
group of people under static thermal condition, and the
PPD is determined based on PMV. Although there are
occupants with diﬀerent thermal sensation characteristics

in a space, this conventional index cannot capture inherent
stochastic variability of the human thermal sensation.
Additionally, considering actual thermal environments
have uncontrolled factors unlike a laboratory
measurement, the implementation of the conventional
index as a criterion for space control would not achieve
high levels of occupant satisfaction.
In this study, we propose a probabilistic modeling
approach for predicting the inter-individual variation of
thermal sensation which allows us to quantify individual
differences of a large group under a certain environment.
We have developed a statistical model using ordinal
probit regression that can consider both measured
(thermal) and non-measured factors for thermal sensation.
Model parameters are inferred using a hierarchical
Bayesian approach. The proposed model is capable of
providing a reliable prediction of thermal sensation
variation of a large group, resulting in better agreement
with observational percentage dissatisfied compared with
the prediction by using PPD.

Prediction model: ordinal probit regression
This paper considers modeling techniques for the
predicting the distribution of a discrete thermal sensation
(the 7-point scale; cold, cool, slightly cool, neutral,
slightly warm, warm, and hot) at given thermal conditions
prescribed by a continuous PMV value.
Assume that a large group of subjects are asked to provide
the thermal sensation votes (TSVs) for a given thermal
condition within the 7-point scale. To develop a plausible
prediction model for TSV responses, the following
question must be answered: how does the subject decide
a discrete ordinal response? It may be reasonable to
presume that he/she has some internal scale of thermal
condition that varies on a continuous metric scale, rather
than having sense to quantify a given condition as the
PMV value. We name this a latent scale, which is denoted
by y*. Because TSV is divided into 7 categories, his/her
six thresholds θk (k =1,…,6) on the continuous coordinate
of y* should be estimated. This allows us to match his/her
thermal sensation under a given thermal condition on the
7-point TSV scale, as shown in Figure 2.
The next step is defining a latent scale and thresholds. In
various previous studies, a simple linear regression has
used for mapping from the PMV to y*:
(1)
y*   0   1  P M V
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The y* is dispersed by various non-measured factors, and
consequently the TSVs are probabilistically predicted by
the response probability vector which consists of seven
positive values that sum to 1. We assume that the y* is
normally distributed, then the response probability vector
Z can be expressed as Eq. (2):

Predicted TSV ( y )
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3

1: Slightly warm
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0: Neutral

-1: Slightly cool
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-3: Cold

1

6
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Figure 2: Mapping from a metric latent scale to the
ordinal predicted TSV.
Simultaneously, an equal cognitive distance between
thresholds is often assumed. Then, the predicted TSV y is
determined according to a pseudocode presented in Table
1.
Table 1 Pseudocode for conventionally predicting TSV.
if y *   2.5 , y   3
elseif y *   1.5 , y   2
elseif y *   0.5 , y   1
elseif y *  0 .5 , y  0
elseif y *  1.5 , y  1
elseif y *  2 .5 , y  2
else y  3
end
These are very reasonable approaches to predicting the
thermal sensation which a hypothetical average person
will feel, or the mean thermal sensation of a large group
experiencing the same conditions. However, these may be
insufficient to estimate a stochastic variation within the
actual TSVs that is important for accurately evaluating the
occupants’ satisfaction.
Several studies (Höppe, 2002; Karyono, 2000) have
reported that an inter-individual variation of TSVs within
the field data is due to various non-measured (e.g.,
psychological and behavioral) factors. Despite these
arguments, the TSVs’ variation is often still ignored or
simplified because of difficulties of being measured. This
conventional approach yields the response probability for
each TSV being deterministically established as 0 or 1,
based on the deterministically-defined y* (see Figure 1
(a)). In this paper, we approve the TSVs’ variation and
involve it in our prediction model. The proposed approach
is schematically depicted as Figure 1 (b).
(a)

(b)
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Figure 1: The difference of determining TSV between (a)
the conventional method and (b) the proposed method.
The response probability for each TSV corresponds to
the area under the red line in thresholds; in other words,
gray regions represents probability for TSV being
neutral.
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where vector element zr is the probability of TSV being r
(r =1,…,7), Φ denotes the normal cumulative distribution
function, and μ and  is a mean and a standard deviation
of the normal distribution, respectively.
By defining the relationship of the PMV–μ and PMV–,
we can yield the distribution of y* under a given thermal
condition, which corresponds to mapping from the PMV
to y*. The μ is the expected value of y*. It can describe
the eﬀect of thermal factors on TSVs because of sharing
trends with PMV. At a large PMV, the value of μ would
be large, consequently shifting the distribution of y* to the
right. This means that the response probability for higher
TSVs increases. We assumed μ to be expressed as a linear
function of PMV:
(3)
   0  1  PM V
The σ is the variance of y*. It can synthetically describe
the eﬀect of non-measured factors because of dispersing
thermal sensation. Large values of σ indicate that TSVs
are more inﬂuenced by non-measured factors because
they widen the distribution of y* and consequently lead to
increasing the TSVs’ uncertainty. The value of σ is
expected to be large in the middle of PMV's range and
small at both ends for the following reasons: the
distribution of TSVs is expected to be undispersed in
extreme thermal conditions (extremely hot or extremely
cold), depending on thermal factors; under conditions that
are closer to thermal neutrality, the distribution of TSV
will be scattered owing to the increased eﬀect of various
non-measured factors. This means that the homogeneous
variance assumption for all thermal environments, which
is assumed in a simple linear regression, is not realistic.
We attribute this simplification to failure in predicting
actual occupants’ satisfaction. This σ is a newly adopted
model parameter to solve this limitation of the
conventional method, and is assumed to be expressed with
a Gaussian function:

  PMV  4 2 

  2  exp  


2  3



(4)

Our model represents the series of mapping process from
PMV to ordinal response y. The distribution of y* that
depends on the PMV is transformed into the Z using a
thresholded cumulative normal function (see Eq. (2)).
Then, we map this Z onto an ordinal variable y. This type
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of regression is called an ordinal probit regression
(Kruschke, 2015).
In addition, for our ordinal probit regression model, the
definition of six thresholds should be noted. As previously
mentioned, an equal cognitive distance between
thresholds is usually used (see Table 1). However, the
relationships between adjacent thermal sensation are
unknown. For the thresholds, we ﬁx the two extreme
thresholds as follows: θ1=1.5 and θ6=6.5, which imply
that only the non-end thresholds are unknown and that
estimates are according to two anchors.
In many previous studies (Oseland, 1998; and more), the
predicted TSV was generally represented using a simple
linear regression model. However, the conventional
approach has some limitations as follows: (1) the
homogeneous variance assumption for all thermal
environments is not realistic; (2) the cognitive distances
between adjacent thermal sensation responses are not the
same and unknown (e.g., assuming TSV=1 as a reference
point, the cognitive distance between 1 and 2, and 1 and 0
may not be the same,); (3) the actual TSVs are not
deterministically established, but probabilistically
determined. We attempted to overcome these limitations
with the proposed regression model. Through positioning
thresholds, θ2,…,θ5, on a latent scale y* and estimating
other model parameters, β0,…,β4, appropriately, we can
obtain a prediction of the TSVs’ distribution of a large
group in a given PMV condition.

Bayesian inference using hierarchical model
Model structure
The model parameter vectors β=(β0,…,β4) and θ=(θ2,…,
θ5) in previous section must be estimated appropriately for
the prediction model to better describe the observation
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p Y

(5)

where p(β,θ|Y) denotes the posterior distribution given Y,
p(Y|β,θ) denotes the likelihood of β and θ given Y, p(β,θ)
denotes the prior of model parameters, and p(Y) denotes
the evidence. Because p(Y) does not depend on model
parameters (assuming that it is constant), Eq. (5) can be
rewritten as follows:

p  β, θ | Y  p  Y | β, θ p  β, θ

(6)

Figure 3 schematically shows the dependencies across
model parameters used in our model and statistical
models.
Likelihood and prior for the proposed model
Based on Eq. (1), likelihood is given as follows:

p Y | β, θ  zyn

(7)
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data Y=(x,y). We believe it is necessary to treat the TSV
with a probabilistic approach and estimate the uncertainty
of model parameters and its eﬀect on the prediction of
thermal sensation. For this purpose, we performed the
analysis based on Bayesian statistics, within the
framework of which we speciﬁed priors for the
parameters and then converted prior uncertainty into
posterior distributions by calculating the likelihood
function in which the subject responses are reflected.
A primary application of Bayesian inference is in
obtaining posterior distributions, which are expressed by
the conditional probability distributions of parameters for
a given dataset. Using Bayes' theorem, the posterior
distribution of this problem is given by

n
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Figure 3: Model parameters structure.
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For priors, we selected non-informative priors such that
they will have little impact on the inferences made relative
to data. The prior distributions considered for diﬀerent
model parameters are as follows:

around 0–0 indicating the room condition was comfort for
most people. On the other hand, at both ends of the PMV
less than ‒1 and larger than 1, very little data is available.

  0  100 50  
ψ  BVN    , 

  0   50 100  
 2  G 1.5, 0.03

 3  G 1.5, 0.03
 4  N  0,10 

 j  N  j  0.5, 2 

(8)

 j  2, 3, 4,5

where BVN(a,C) denotes a bivariate normal prior with
mean vector a and covariance matrix C, G(s,r) denotes a
gamma prior with shape parameter s and rate parameter r,
N(m,sd) denotes a normal prior with mean m and standard
deviation sd, and the symbol “~” means “is distributed as.”
Estimation using the Markov chain Monte Carlo
method
The model parameters of interest are estimated using
posterior distributions, which are determined by
analytical integration. However, when there is more than
one parameter of interest, we need to implement multiple
integration, which is numerically very complex. This
analytical approach makes evaluating the distribution
even more difﬁcult. Therefore, the Markov chain Monte
Carlo (MCMC) method is a more appropriate approach
for such parameter estimations. Gibbs sampling was used
to evaluate the posterior distributions in this study, which
were fully implemented using the (“JAGS - Just Another
Gibbs Sampler,” 2017). Following a burn-in of 40,000
iterations, the posterior distributions were monitored over
an additional 600,000 iterations of the MCMC and were
pooled over three parallel chains to ensure the validity of
each sample sequence. To reduce the autocorrelation of
sampled values and for the simplicity of post-processing,
the samples obtained were thinned out at every 20th
sample interval.

Figure 4: Distribution of field survey data used and
linear regression for PMV-TSV relationship.

Results
The discussion in this section is about the model
validation and comparison with the existing index. The
detailed description for estimates of model parameters,
such as the posterior distributions of model parameter
vectors β and θ obtained from the MCMC sampling
datasets, is presented in Appendix.
Thermal sensation profile
Figure 5 shows the model-predicted probabilities for each
response category of TSV under a given PMV, called
thermal sensation proﬁles. Points estimated from the
maximum a posteriori (MAP) for model parameters (β
and θ) were used for generating the proﬁles.

Field survey data
In order to estimate model parameters based on real world
data, we used a subset of the ASHRAE Global Thermal
Comfort Database II (Földváry Ličina et al., 2018), which
was collected from air-conditioned office in Midland, UK
(n = 9,205). This subset, which was also used in (Oseland,
1998), contains thermal sensation (the 7-point scale) and
thermal acceptability (0-unacceptable; 1-acceptable) at
given thermal conditions prescribed by PMV value.
For cross validation, we divided the data at a ratio of 8
(for training) to 2 (for validation). After examining
various patterns of data division, we chose the model
which seemed not to overﬁt for the training dataset.
Figure 4 shows PMV–TSV relation obtained from
training dataset (n = 7,364). The red line is a least-squares
line, for which intercept and slope is 0.317 and 0.684,
respectively. The size of the circle in Figure 4 represents
the number of data points of PMV–TSV pairs classified
at 0.1 PMV intervals. Because the data were collected in
the conditioned office space, the data are concentrated

Figure 5: Thermal sensation profile generated from the
proposed model.
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Figure 6: Response probability for each TSV category.
Our method allows the predicted TSVs under a given
PMV to be probabilistically predicted by the response
probability of each TSV category, compared with the
simple linear regression (red line in Figure 4) yielding the
deterministic estimate of the predicted TSV. This
discrepancy in predictive ability is more evident from the
following histograms.
Figure 6 shows the observational probabilities for each
response category of TSV and the estimated probabilities
obtained the simple linear regression and the proposed
method. For both of training dataset and validation dataset,
our method almost entirely reproduces the order relation
of the response categories. This paper does not include the
discussion on the predictions under thermal environment
associated with the measured PMV being less than –2 or
more than 2, since samples of the corresponding response
categories are very few.
Comparison with the existing index
Figure 7 shows the relationship between PMV and modelpredicted percentage dissatisfied (MPD) with points
estimated from the MAP and credible intervals (CI, 50%
and 95%) of parameters, the relationship between PMV
and percentage dissatisfied obtained from a field study
data (OPD), and the existing PMV–PPD curve
superimposed. For definitions of a dissatisfaction and an
unacceptability, we follow a conventional approach as
mentioned in previous section. That is, MPD and OPD
mean the model-predicted percentage of occupants with
thermal sensations of slightly warm, neutral, and slightly
cool and the observational percentage of occupants who
respond with an unacceptability, respectively. PPD does
not reflect the PMV–OPD relation. On the other hand, the
proposed model can capture the PMV–OPD relation,

enclosing most of observational points in the prediction
range for the 95% CI. This indicates that the variance of
the thermal sensation votes due to non-measured factors
and the resulting uncertainties of percentage dissatisfied
are well-considered within the 95% CI estimated by the
Bayesian inference.

Figure 7: The relationship between the measured PMV
and the occupants’ satisfaction.

Discussion
In order to develop and apply optimal control strategies
for thermal conditions acceptable to 80% or more of the
occupants, a technique is needed to evaluate how much
acceptability and/or satisfaction will be achieved under a
given environment. The existing index, PMV–PPD
relation, is based solely on the expected value of thermal
sensation for an average person. However, there are
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occupants with various thermal sensation characteristics,
which are affected by various non-measured factors, so
that the thermal sensation will be dispersed. We argue that
it is the limitation of the existing indices.
Our modeling approach takes the variance of thermal
sensation due to non-measured factors into account. This
allows to be capable of the prediction its distribution as
well as its expected value (see Figure 6), resulting in
predicting an unacceptability (expressed by the
percentage dissatisfied) with improved accuracy. It can be
helpful for future works to provide a more complete
understanding of comfortable thermal environment and
optimal control strategies.
In spite of our efforts to provide more precise estimates,
the observational values are located on the upper limits
for 95% CI. It possibly causes by an imprecise definition
of a satisfaction and an acceptability that “it is associated
with thermal sensations of slightly warm, neutral, and
slightly cool.” A threshold for a satisfaction may be
between neutral and slightly warm/slightly cool. This
hypothesis will push up the PMV–MPD curve (the black
line in Figure 7) on the vertical axis, resulting in proving
the proposed method to be remarkably accurate. This
hypothesis testing requires the use of greater precision
scales of thermal sensation, e.g., the 10-point scale. Of
course, this approach requires further consideration.
Dawes noted that the use of the detailed scale being more
than the 5-point or 7-point cause no further improvement
(Dawes, 2008). Additionally, the verbal expression of the
10-point scale becomes quite difficult.
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Appendix
Figure 8 and Figure 9 show the posterior probability
density for β and θ obtained from the MCMC sampling
datasets, respectively. Although each parameter has a
different distribution, all parameters estimated have
unimodality and seem to be converged into the stationary
distributions.

Conclusion
Thermal satisfaction contributes to productivity in a daily
life. Therefore, it is an important criterion for designers
and engineers associated in building projects. Since
Fanger defined the PMV and PPD as the index about
thermal condition and occupants’ satisfaction, they have
been used worldwide to assess thermal environment.
Additionally, a number of studies in both real world and
climate chambers have been conducted in terms of its
validity. Many studies supported his model while others,
especially for real life situation, reported the
discrepancies. We concluded that it is necessary, for
accurately predicting occupants’ satisfaction, to estimate
the variance of thermal sensation as well as a mean of a
large group. This study focused on the development and
demonstration of a probabilistic modeling approach for
predicting the inter-individual variation of thermal
sensation. Unlike the existing simple linear regression
method, we considered the eﬀects of non-measured
factors in addition to measured thermal factors on
predicted thermal sensation. Model parameters were
inferred using a hierarchical Bayesian approach. The
proposed model is not only more promising than the
simple linear regression method for explaining different
thermal sensations under a same thermal condition, but it
also provides information of reliable occupants’
satisfaction.

Figure 8: Posterior probability densities for each
component of β.

Figure 9: Posterior probability densities for each
component of θ.
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Introduction

The standard occupancy schedules for offices typically
assume peaks of 90 to 95% of capacity during the middle
of weekdays and occupant densities of approximately 20
m2 per person. Figure 1 shows occupancy schedules for
several North American standards and codes and large
dataset of 629 motion sensors from Duarte, Van Den
Wymelenberg and Rieger (2013). In general, the literature
is reporting much lower occupancy than schedules
suggest (Davis III and Nutter 2010, Gunay, O'Brien and
Beausoleil-Morrison 2015). This is thought to be in part
because the schedules were designed to be conservative,
but also because the schedules were built from data from
a previous generation. Since the 1980s, there has been a
significant change in the workplace, such as teleworking,
prevalence of information and communication
technology, and more flexible work hours (Hood, Nagy,
Lister and Brand 2017). Moreover, there is significant
diversity between occupants and spaces, and over time
(Davis III and Nutter 2010, Bennet and O’Brien 2017,
O’Brien, Gunay, Tahmasebi and Mahdavi 2017). Mean
profiles, such as those presented in Figure 1, conceal the
diversity of the raw data.

One of the prominent applications for building
performance simulation (BPS) is code compliance,
whereby a design building model’s annual energy use is
required to meet or exceed that of a reference building
model that complies with prescriptive requirements. It is
routine practice to address non-compliant designs by
adjusting the design to achieve code compliance. In most
building energy codes and standards (e.g., ASHRAE Std.
90.1 and Canada’s National Energy Code for Buildings
(NECB)), occupant-related assumptions are modelled
using hourly schedules for weekdays and weekends. The
schedules are normally provided by the code, though
some codes allow the modeller to modify the defaults if
better knowledge is available. Abuimara, O'Brien, Gunay,
Abdelalim, Ouf and Gilani (2018) reported that modellers
commonly use the standard schedules to inform design
(e.g., at design charrettes), even when schedules are
unrestricted, because modellers aim to avoid the liability
of deviating from the norm. Part of modellers’ challenge
is that there is tremendous uncertainty about occupancy –
particularly for buildings that will be leased to unknown
tenants. Regardless, modellers are normally required to
use the same schedules for both the reference and design
building models with the implicit assumption that the
design does not affect occupancy and occupant behaviour.

Figure 1: Comparison of standard and measured
occupancy schedules
Buildings continue to be designed –and often operated–
under the assumption of full-occupancy (Duarte, Van Den
Wymelenberg et al. 2013). And more consequentially,
typically highly-conservative assumptions are made
about occupancy rather than focusing on design features
that allow a building to perform well under a wide range
of occupancy conditions (O’Brien, Gaetani, Gilani,
Carlucci, Hoes and Hensen 2016).

Abstract
Office buildings rarely encounter near-capacity
occupancy, despite the majority of building energy codes
and design processes assuming as much. The hypothesis
of this paper is that current occupancy schedules have the
serious risk of misleading decision makers away from
technologies that allow buildings to adapt to partial
occupancy. To test the hypothesis and demonstrate
alternative methods to model occupancy, this paper
examines open-plan lighting control schemes and
demand-controlled ventilation (DCV) under different
occupancy scenarios using detailed building simulations.
The results show that the benefit of DCV may be
underestimated by a factor of two under full occupancy
assumptions. Meanwhile, lights may be turned on two
times longer than occupants are present if current standard
schedules are used to guide lighting control zone sizes.
Without technologies and operating strategies that adapt
to partial occupancy, high-performance buildings will not
reach their potential.
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The hypothesis of this paper is that current occupancy
schedules underestimate the benefit of occupancyadaptive technologies because of the common practice to
consider only one occupancy scenario with near-full
occupancy. This paper is expected to lead to improved
design processes and building codes that consider partial
occupancy scenarios for making design decisions.
Two of the key technologies that allow buildings to adapt
to partial occupancy are occupancy-based lighting
controls and demand-controlled ventilation (Galasiu,
Newsham, Suvagau and Sander 2007, Liu, Zhang and
Dasu 2012). Occupancy-based lighting, which is typically
mandated in most energy codes (e.g., ASHRAE Std. 90.1
and NECB), is focused on controlling lights to be on only
when a space is occupied unless doing so compromises
safety. Demand controlled ventilation seeks to reduce
outdoor air supply rates in partially occupied or vacant
spaces. All occupancy-adaptive controls require some
direct or indirect measurement of occupancy. Many
occupancy detection and measuring technologies have
emerged in the past decades (e.g., WiFi, video and
computer vision, CO2, etc.) (Shen, Newsham and Gunay
2017). However, occupancy sensing is beyond the scope
of this paper; buildings controls are currently simulated
under the assumption that occupancy is known.
While extensive investigations of building control
strategies have been researched (Nassif 2012, de Bakker,
Aries, Kort and Rosemann 2017), the major gap is
considering partial and variable occupancy in conjunction
with these technologies in the context of design decisions
and code requirements. Galasiu, Newsham, Suvagau and
Sander (2007) demonstrated 35% energy savings through
occupancy-based lighting controls in open-plan offices.
de Bakker, Aries, Kort and Rosemann (2017) observed
that the majority of open-plan lighting studies are based
on field studies rather than simulation; this is thought in
part to be a result of the challenges of modelling and
simulating such spaces, considering variable occupancy.
Previous field and simulation studies have shown DCV to
have energy savings potential on the order of 2 to 30%
(Fisk and De Almeida 1998, Hong and Fisk 2010, Nassif
2012). The savings are greatly dependent on occupancy,
climate, and technology. For instance, presence of
dedicated outdoor air systems (DOAS) means that
outdoor air supply rate can be completely controlled
based on occupancy; whereas typical VAV systems must
also consider air supply for conditioning spaces. In
general, the buildings that benefit most from DCV: are in
extreme climates with high heating and cooling loads;
have high nominal occupant density (e.g., theatres); and
frequently experience partial occupancy conditions.
A further building operating strategy to address partial
occupancy is hot-desking or hotelling, which mitigates
the issue of partial occupancy and occupant diversity by
having occupants schedule a desk for a given day rather
than having a fixed desk. However, this approach is more
of an architectural and management issue and is not
addressed in the current paper.

Previously, occupancy models have evolved to be quite
advanced, considering occupants’ stochastic nature and
the desire to model individuals rather than populations
(Page, Robinson, Morel and Scartezzini 2008, Tahmasebi
and Mahdavi 2015). Schedule-based models treat
occupants as populations and do not allow individuals’
presence and location to be predicted without further
steps. The majority of recent research on occupant
modelling has focused on improving accuracy and
capabilities of the models (Schweiker, Haldi, Shukuya
and Robinson 2012, Tahmasebi and Mahdavi 2015).
However, relatively little research has focused on
practical applications of occupant models (Gaetani, Hoes
and Hensen 2016, Gilani, O’Brien, Gunay and Carrizo
2016). Indeed, few practitioners go beyond simple
schedule-based modelling approaches (O’Brien, Gaetani,
Gilani, Carlucci, Hoes and Hensen 2016).
The remainder of the paper starts with a detailed
description of the building and occupant modelling
methodologies used to assess lighting control zone sizes
and demand-controlled ventilation. Next, results of the
simulations are presented and discussed. Finally, the
paper concludes with some general recommendations for
how designers and building energy code committees
could better incorporate uncertain and variable occupancy
into their respective professional activities.

Methodology
Two distinct modelling approaches were used for the
lighting and DCV analysis, as summarized in Table 1. The
common element is that both analyses are aimed at
evaluating
technologies
at
lower-than-standard
occupancy to determine whether they are more favourable
than for standard occupancy. This section presents the
modelling approach for lighting, followed by DCV.
Table 1: Summary of modelling approaches.
Topic
Lighting

DCV

Building
scale
One very
large
open-plan
office

Building
model
A simple grid
of cubicles
using
MATLAB

A threestorey
office
building

A detailed
EnergyPlus
v8.7 model

Occupant
model
Page, Robinson,
Morel and
Scartezzini
(2008) model
within schedule
inputs as below
0.4, 0.6, 0.8, and
1.0 times the
NECB
occupancy
schedule

Lighting modelling approach
Lighting can be modelled as quasi-steady state because
controls and propagation of light can be considered
instantaneous in the realm of annual simulations. A very
large open-plan office was modelled as a two-dimensional
square grid (Figure 2). Corridors and other such spaces
are only implicitly modelled and assumed to be part of the
cubicle grid and corresponding overhead lighting system.
A three-dimensional array was used to store simulation
data for each of occupancy and light state (the third
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dimension is time, in 5-minute timesteps for four weeks).
Lighting controls, discussed in detail later, govern the
light state over each cubicle in groups.
For assessing lighting controls in an open plan office, it is
critical to have a spatial component of occupancy
simulations (i.e., know which cubicle(s) are occupied)
and to treat occupants as independent agents. Meanwhile,
the lighting state and corresponding energy use is
dependent on where the occupied cubicles are positioned
with respect to each other. A stochastic modelling
approach reflects the notion that occupants in a real office
environment typically arrive and depart in a nondeterministic manner. The current modelling approach
assumes that occupants are independent of each other
(e.g., neighbouring occupants do not necessarily share
schedules or try to avoid each other).

Cubicle

Cubicle

Lighting
zone

Lighting
zone

Lighting
zone

Lighting
zone

Cubicle

Cubicle

Figure 2: Example lighting control zone scheme with
four cubicles within each zone
For every timestep, each occupant was modelled
independently and assumed to either be present or absent
(away from the building) using the Page, Robinson, Morel
and Scartezzini (2008) model. The input schedules for the
model was varied to consider different scenarios using
multipliers of 0.4, 0.6, 0.8, and 1.0 times the weekday
NECB occupancy schedule (Figure 3). A mobility
parameter value of 0.1 was used; this specification
indicates the probability that the occupancy state changes
at a given timestep. Refer to Page, Robinson, Morel and
Scartezzini (2008) for details. Upon initial simulations, it
was verified that this stochastic model results in mean
occupancy value of within 10% of the input schedule (i.e.,
from NECB) for each simulated week. Note that the
NECB office schedule does not have occupancy on
weekends. Using this assumption in the current work is
conservative because small lighting control zones
particularly benefit from the sparse occupancy expected
on weekends.
Lighting control zones sizes of between 1 and 25 cubicles
were modelled. The lighting control zones perfectly
coincide with cubicles, e.g., as shown in Figure 2, which
represents an optimal geometry for this modelling
approach. de Bakker, Aries, Kort and Rosemann (2017)
noted that such a configuration is critical to achieve
energy savings through advanced controls. NECB
requires the lighting control zones to be no larger than 250
m2 when they are turned on and no larger than 50 m2 when
they are turned off. This scenario is simulated, though all
other results assume the areas are equal to reflect common
practice. The model is based on cubicles rather than floor

area, so each cubicle (and associated corridors) was
assumed to be 10 m2, such that the 250 m2 limit
corresponds to 25 cubicles.

Figure 3: Input schedules for occupancy model for the
lighting analysis and occupancy schedules for the DCV
analysis
Lighting controls were modelled to follow NECB
requirements and standard practice, as follows. As long as
one occupant is at a cubicle in the lighting control zone,
the lights for that control zone are on. Their work
activities are assumed to require direct overhead lighting.
While NECB requires lights to be manually turned on to
exploit possible daylight or other ambient light, the space
is assumed to be very large and not have daylight.
Lighting is assumed to be aimed at the workplane below
and not into adjacent lighting control zones. The lighting
control zones are assumed to be equipped with occupancy
sensors such that they can detect vacancy with perfect
accuracy. The lights in the control zone turn off once 20
minutes of vacancy has elapsed. However, arrival of an
occupant to that zone restarts the count.
The limitation of the current modelling approach is that it
neglects illuminance of a particular cubicle’s workplane
from adjacent lighting. As long as the lighting is directed
downwards, the space is not too high, and occupants have
an expectation for full lighting conditions, this
assumption is expected to be reasonable. Reinhart and
Voss (2003) found that only two of ten occupants would
not turn on lights if the workplane illuminance is below
50 lux, though that study focused on daylighting.
The original research question is whether near-full
occupancy assumptions underestimate the benefit of
small lighting control zones. Thus, the results section
shows a systematic comparison of the four occupancy
scenarios against light control zones of between 10 and
250 m2 (1 and 25 cubicles). Because daylight was not
considered, there is not a seasonal effect that necessitates
annual simulations. Therefore, simulating four weeks of
was found to be plenty for the results to consistently
converge.
Demand-controlled ventilation modelling approach
Demand-controlled ventilation analysis requires a more
integrated and whole-year model because of the impacts
of occupancy and climate on heating, cooling, ventilation,
and fan energy. However, unlike for the lighting analysis,
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the exact location of occupants is not necessary since
ventilation is only controlled at the system (e.g., floor or
building) level.
Table 2: Summary of building model used to assess DCV
Geometry

Gross dimensions

Total floor area
(m2)
Storeys
Thermal zones

Building
Envelope Uvalue
(W/m2K)
Window
properties
Infiltration
Rates
HVAC air
loop

Zone HVAC
system

Nominal
outdoor air
flow when
AHUs are on
Heating plant
Cooling plant

Thermostat
settings

Peak
occupant
density
Lighting
power density
Equipment
power density

Window to wall
area ratio (WWR)
for all four facade
orientations
Roof
Walls
Below grade floor

49.9 m (east-west
axis) × 33.3 m
(north-south axis)
× 10.7 m height
4982
3
15 (4 perimeter
zones and 1 core
zones per storey)
40%

0.183
0.247
0.757

U-factor
2.2
SHGC
0.6
Nominal flow per
0.00025
exterior surface
area (m3/s-m2)
Each floor is served by a separate air
handling unit. The AHU operational
hours are from 5 AM to 8 PM for
weekdays Otherwise, the AHU is
switched off. The building relies on free
cooling when the outdoor temperature is
between 1 and 20°C.
Each zone is equipped with VAV box
with reheat coil for providing heating and
cooling to the space. A baseboard heater
is used for maintaining setback
temperatures in the heating season when
the AHU is not operated.
Outdoor air
0.0025 m3/sflow/person (RP)
person
Outdoor air
0.0003 m3/s-m2
flow/zone floor
(ASHRAE Std.
area (RA)
62.1)
Natural gas boiler with an efficiency of
83%
One electric chiller EIR with reference
COP of 4.5 and a single speed cooling
tower
Occupied
22°C heating and
24°C cooling
Unoccupied
18°C heating and
28°C cooling
0.05 occupants/m2

8.8 W/m2
7.5 W/m2

To simulate the impact of DCV on energy savings for
different occupancy scenarios, an archetypical cocompliant three-story office building was modelled. The
building and model specifications are summarized in
Table 2. EnergyPlus version 8.7 was used and the building
was simulated in Toronto, Canada using the newer CWEC
file, which covers typical years from 1998 to 2014.
Without DCV, the building is ventilated to achieve the
ASHRAE Standard 62.1 rates between 7AM and 8PM.
When DCV is operated, the outdoor air rate is precisely
controlled to the rate in Equation 1 to comply with
ASHRAE Standard 62.1-2016 (ASHRAE, 2016).
(1)
Vbz = 2.5 L/s/person × N + 0.3 L/s/m2 ×A
where Vbz is the outdoor air required to be delivered to the
breathing zone, N is the number of occupants in the space,
and A is the floor area of the zone. Note that the
ventilation effectiveness was assumed to be 100%, typical
of an entrainment ventilation with no short circuiting.
Unlike for the lighting analysis, the NECB (and three
additional lower schedules in Figure 3) were used
directly. This simpler approach is justified by the fact the
finding from Gilani, O’Brien and Gunay (2018)
indicating that results of agent-based modelling
converges on an average occupant for larger buildings
(e.g., the current one). The modelled occupant density
was 0.05 per m2. Fractional occupants were permitted. A
limitation to this approach is that all zones are assumed to
be uniformly occupied with regards to density. Since the
outdoor air fraction (%OA) is controlled at the airhandling unit level, non-uniform occupant density would
require the %OA to be high enough to meet the most
occupied zone.

Results and Discussion
This section first presents preliminary results of the
simulations to illustrate their functionality, followed by
the detailed results and discussion.
Lighting analysis results
In the case of the lighting simulation with four cubicles
per zone, two instances were extracted as examples. Table
3 shows two points in time of the occupancy and
corresponding light state. Note that because of the
controls, the lights are on if at least one occupant was
present within the lighting control zone during the past 20
minutes. Thus, during periods with lots of occupant
departures (e.g., at 4 PM), many of the lights are on above
empty groups of cubicles. At 7 PM, in this case, eight
times more cubicles are illuminated than occupied.
Next, Figure 4 shows the four-week simulation results of
all occupancy scenarios and lighting control zones sizes.
Several key values are annotated, including the lighting
energy if the standard schedule with and without an
NECB credit for vacancy controls is added. The lighting
use for the scenario with a different sized lighting on and
lighting off control zone size (as per NECB requirements)
is also shown. The results are expressed as the mean
annual fraction of lights on, which can be directly
converted to energy if this value is multiplied by the study
period duration and the installed lighting power.

________________________________________________________________________________________________
2146
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________
In general, the results show that at 25 cubicles per lighting
control zone, the annual lighting fraction is between 0.47
and 0.51 regardless of the occupancy scenario. This is
because the odds of a completely vacant 25-cubicle zone
are similarly low during working hours. Moreover, there
is minimal incremental benefit to reducing the control
zone size from 25 cubicles, though this benefit is slightly
higher for lower occupancy scenarios. However, as the
control zone size decreases from 25 cubicles, the lines
representing each occupancy scenario diverge
significantly. The lower occupancy scenarios, in
particular, greatly benefit from smaller lighting control
zones. Only as lighting control zones approach one
cubicle does the lighting use properly reflect the
occupancy level. Energy savings from reducing the
lighting control zones from 25 to one cubicle were
between 38% for the highest occupancy case and 65% for
the lowest occupancy case. The results provide strong
justification for considering smaller lighting control zones
– ideally at the cubicle level.
Table 3: Example lighting simulation results at 4pm and
7pm for lighting control zones that cover four cubicles.
Each white square represents a cubicle with a present
occupant. Each yellow square represents a cubicle with
the lights on.
Light state

7pm

4pm

Occupancy

cubicle (Figure 5). This approach can be integrated over
the space to obtain a building-wide value. A value of unity
means that the lights are on exactly as long as the
occupant is present, which is optimal for a non-daylit
space. In reality, the lights stay on 20 minutes after the
occupant departs, which can substantially increase
lighting energy use for occupants how arrive and depart
many times during the day (Gilani and O'Brien 2018).
While codes typically do not consider an occupant-centric
approach, the ratio of time that lights are on to occupants
present according to the NECB schedules is 1.33. O'Brien,
Gaetani, Carlucci, Hoes and Hensen (2017) showed that
this ratio can reach two in reality even in private daylit
offices.

The astute reader will notice the NECB line in Figure 4 is
significantly lower than the detailed simulations. This is
primarily a result of early morning and evening lighting
being much higher than the schedule would suggest
because of the amount of lighting required for even sparse
occupancy (e.g., at 7pm in Table 3).
As different occupancy scenarios are explored, it seems
illogical to exclusively use a building-centric approach for
quantifying performance. Instead, lighting time or energy
can be normalized by occupancy as a better measure for
the effectiveness of lighting utilization (O'Brien, Gaetani,
Carlucci, Hoes and Hensen 2017). Thus, the results were
plotted again with this new normalization scheme such
that the hours that lights are on for one cubicle are divided
by the number of hours that the occupant is present in that

Figure 4:Lighting simulation results for lighting use as a
function of occupancy schedule and lighting control zone
size. The asterisks correspond to the exact NECB
lighting control zone requirements (which are different
for lights-on and light-off controls). Note that the
simulations exceeded 25 cubicles to generate this plot.
The results for the occupant-centric lighting control
strategy (Figure 5) tell a very different story to Figure 4.
For the lowest occupancy scenario, the ratio of lights on
to occupants present exceeds five. Even the high
occupancy scenario yields a ratio of approximately two.
The reason for the high values is that the lights in the
entire control zone are on even if there is a single occupant
within the zone or twenty minutes after they have
departed. Table 3 provides an insightful example as to the
significant waste. Notably, none of the occupancy
scenarios with even a single cubicle per zone reaches a
ratio of unity. This is because the lights remain on for 20
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minutes after departure. In contrast to what schedules
might suggest, occupants routinely leave their offices five
to ten times per day (Gilani and O'Brien 2018). In an
extreme case of an occupant momentarily entering their
office many times, the ratio of lighting to occupancy
could theoretically approach infinity.
Back to the objective of this paper, Figure 5 makes strong
case for reducing lighting control zones beyond current
code requirements. The slope for the lines – particularly
lower occupancy scenarios – are very high as the lighting
control zones approach one cubicle. A high slope means
that there is significant energy-saving potential by
reducing lighting control zone size further.

Figure 5:Lighting simulation results for lighting use
expressed as the ratio of lighting to occupants
DCV analysis results
First, the maximum impact of DCV on outdoor air supply
was quantified to establish expected potential of DCV to
save energy. Figure 6 shows the required airflow rate
(ASHRAE Std. 62.1-2016) for three cases: no DCV, DCV
with the normal weekday office occupancy schedule, and
DCV with no occupants. The maximum outdoor air
supply savings per day is 29%, which represents the
difference between scheduled ventilation (based on the
assumption of full occupancy in Equation 1) and
ventilation required for an unoccupied (but ventilated)
building. Because of the area component in Equation 1,
significant outdoor air supply is still required when the
occupancy is near-zero.
The above analysis provides a sense of the potential for
DCV, but does not help explain how reduced airflow
affects heating, cooling, and fan energy. As such, eight
annual simulations of the full building were run in
EnergyPlus: four occupancy levels (i.e., 1, 0.8, 0.6, and
0.4 times the NECB schedule) and with and without DCV

activated. These results are summarized in Figure 7. As
expected DCV is beneficial for all cases considered
because of the phenomenon illustrated in Figure 6. It can
be seen that the benefit of DCV nearly doubles from 2.4
to 4.5% for the standard schedule compared to the lowest
occupancy scenario (40% of standard schedule). While
these energy savings may not seem profound, this range
is typical of the impact of many other energy efficiency
measures that are considered during design. As such,
there is a reasonably good chance that DCV would get
“value engineered” out of a design on this basis.

Figure 6:Lighting simulation results for lighting use
expressed as the ratio of lighting to occupants
Examining the EnergyPlus results more closely, it is
noteworthy that the majority of the savings is from
heating energy; DCV saves between 11% (standard
schedule) and 19% (40% × schedule). Cooling energy
savings are minimal (<1%) for two reasons: (1) the
cooling energy for Toronto is relatively low compared to
the heating energy, and (2) DCV has a slight adverse
effect in reducing outdoor air when it would be beneficial
(i.e., free cooling). These results are in line with previous
findings (Fisk and De Almeida 1998). Fan energy was not
significantly reduced because the VAV system uses air
for both conditioning and supplying outdoor air; typically,
space conditioning drives the airflow rate.

Recommendations
Given the evidence presented here that strongly suggests
that the standard schedules underpredict the energysaving benefit of occupancy-adaptive technologies, this
paper
concludes
by
making
some
future
recommendations for design practice and building codes.
First, we recommend that energy modellers consider
several different occupancy scenarios during the design
process. If a particular decision is sensitive to occupancy
assumptions, it suggests that closer attention should be
paid to estimating occupancy. If occupancy is uncertain,
occupancy-adaptive technologies are a wise path forward.
While O’Brien, Gaetani, Gilani, Carlucci, Hoes and
Hensen (2016) reported that modellers are reluctant to
admit uncertainty of energy performance predictions from
simulation, we argue that such analysis and dialogue with
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clients should become standard practice – particularly in
an era of changing workplace configurations.

Figure 7: Total energy savings as a result of DCV for
the four different occupancy scenarios. The annotated
values indicate the total energy savings from DCV.
While altering occupancy schedules is a relatively trivial
task for practitioners (and could even be automated in
future BPS tools and workflows), the agent-based
modelling used for the lighting analysis here would
require more effort. Such a feature could be incorporated
into BPS tools or merely be used to by code committees
to develop new prescriptive requirements.
Building energy codes usually have two prominent paths:
prescriptive and performance. Given the current findings,
we recommend that code committees rerun archetype
models across climates and building types to evaluate all
aspects that are related to occupancy. Beyond the current
paper, this could also extend to setpoint and AHU
schedules. The current results suggest that lighting control
zones corresponding to each cubicle or workspace would
yield significant energy savings. Admittedly, this would
face resistance from industry, given the additional cost.
However, new technologies (e.g., power-over-Ethernet)
are improving the ease of implementing high-resolution
lighting controls. Moreover, these results point to
significant benefit from task lighting. Task lighting also
addresses the issue that overhead lighting is relatively
fixed in geometry, whereas cubicle geometry may change
multiple times over the life of a building.
We also recommend that DCV be mandated in more
building types, given new knowledge or insights
generated by simulating multiple occupancy scenarios.
For the performance path, we recommend that codes
mandate the use of at least three different occupancy
scenarios. Given the uncertainty of occupancy, this
process would ensure that a range of plausible scenarios
could be evaluated and that occupancy-adaptive
technologies would be adequately rewarded. The code
could require that the proposed design building beat the
reference building for all cases or only that the average
proposed building beat the average reference building. As
noted above, BPS tools could automate this process to
minimize modeller effort.

Conclusion
The aim of this paper was to investigate the significance
of the risk that occupancy-adaptive building technologies
are overlooked because of the standard practice to use
near-full occupant schedules for simulation-aided design
and the performance path of energy code compliance. To
address this, two technologies were investigated:
occupancy-based lighting control in open-plan offices and
demand-controlled ventilation. Each technology required
customized and unique approaches to model occupancy
and the building, given the non-standard analysis. While
the methods were simple and had limitations (e.g.,
daylight was ignored, it was assumed that all occupants
required light directly from overhead, and occupants were
assumed to be of uniform density for the entire building
in the DCV analysis), they are generally expected to be
adequate for the analysis of interest.
The results showed that lower occupancy levels greatly
increase the benefit of smaller lighting control zones.
Moreover, the low occupancy scenario resulted in lighting
being on as much as five times more than occupants are
present at the cubicle level. Meanwhile, the lowoccupancy scenario nearly doubled the predicted energy
savings of DCV relative to the standard schedules. These
results demonstrate that occupancy-adaptive technologies
become much more effective when more typical
occupancy schedules are considered. The results are in
line with those reported by the literature (i.e. refer to
literature review). However, further analysis with
accurate cost information and occupancy data would be
required to perform a detailed probabilistic economic
analysis. Moreover, future research should focus on
verifying the current results using measurements in real
buildings.
Following further analysis, we recommend that:
• designers simulate multiple occupancy scenarios, like
the current ones, to establish and present to clients the
opportunity for occupancy-adaptive technologies and
design decisions;
• code committees reassess and consider updating
prescriptive requirements related to occupants and
occupant-based controls based on updated schedules
or a range of schedules (as was done in this paper);
and,
• the performance path of future codes requires
simulation of multiple occupancy scenarios with
average values reported so that occupancy-adaptive
technologies are adequately rewarded.
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Abstract
The paper used the big scale sub-metered data of 499
VRF systems in residential buildings to bring out the real
using state of the air conditioner in China. Data mining
methods were proposed for analysis, including data
statistics and cluster analysis. It provided the real
distribution of using duration, setting parameters of
occupants and indoor environment of air conditioner and
typical behaviour patterns of using VRF in order to help
VRF systems designing and operation. This study found
that most of the residents in China tend not to use all the
indoor AC units at the same time.

Introduction
Air conditioner user behaviour is a significant factor in
building energy consumption. The nature of occupant
behaviour is stochastic and the real using state of air
conditioner has a big diversity(Yan et al., 2017). Due to
the diversity, it is hard to get the real using state of the air
conditioner by a limited field test. The large scale of the
questionnaire also cannot get the real using state, as there
is always a gap between questionnaire and the real state,
which is depending on designing of questionnaire and
samples of questionnaires(Feng, Yan, Wang, & Sun,
2016). On the other hand, with the advancement of
intelligent residence and internet of things as well as mass
data storage and transfer techniques, the availability of
building energy data is growing rapidly(Fan, Xiao, Li, &
Wang, 2018). For a large scale dataset, data mining
method is a good tool to deal with it(Han, Pei, & Kamber,
2011). Thus, data mining methods are becoming possible
and effective in the analysis of air conditioner user
behaviour.
Data mining methods have been applied to different fields
for building science. Hou, Z. et al (2006) used a data
mining method to do sensor fault diagnosis(Hou, Lian,
Yao, & Yuan, 2006). Kusiak, A. et al (2010) proposed the
cooling output simulation model by data mining
methods(Kusiak & Li, 2010). Kim, H. et al (2011) used
data visualization to design energy efficient
buildings(Kim, Stumpf, & Kim, 2011). Yu, Z. et al(2012)
discovered the association's rules from building operating
data(Kim et al., 2011). Noussan et al(2018) applied data
statistics method to do the benchmarking for 2.9 million
households energy consumption. In addition, data mining
*

methods have been applied in the research for occupant
behaviour in buildings(Noussan & Nastasi, 2018). Duarte,
C. et al(2013) tried to use the data mining method to get
the occupancy patterns in an office building(Duarte, Van
Den Wymelenberg, & Rieger, 2013). D'Oca, S. et al
(2015) proposed a data mining framework to get the
occupancy in buildings based on a data set of 16
offices(D’Oca & Hong, 2015). An, J. et al (2018) used
statistics method and clustering to get occupant behaviour
of air in a residential community(An, Yan, & Hong,
2018). However, the data used by the previous research
only represented several cases or in the same cities, which
cannot meet the large scale requirement for occupant
diversity. So it is necessary to get more data for air
conditioner user behaviour covering more places.
Variable Refrigerant Flow (VRF) systems are refrigerant
systems, which are generally comprised of an outdoor unit
serving multiple indoor units connected by a refrigerant
piping network. The operating data of VRF indoor units
is a good way to get the real using state of air conditioner
user behaviour. In addition, for the VRF system, the
occupant behaviour is especially important because of the
complicated operation modes(Yu, Yan, Sun, Hong, &
Zhu, 2016).
So, this paper proposed a data mining method on a large
scale operating data of 499 VRF systems equipped with
sub-meters, which are located in all climate zones in
China. This dataset can provide the real using state of
VRF systems in China. The data mining method included
data statistics and cluster analysis. It provided the real
distribution of using duration, setting parameters of
occupants and indoor environment of air conditioner and
typical behaviour patterns of using VRF in order to help
VRF systems designing and operation.
The first section introduces the dataset and roadmap of the
research methodology. The second section presents an
analysis of the results of data mining. The third section
discussed the potential application of the results of data
mining. The final section presented the conclusion and
recommendations.

Dataset and methods
Dataset introduction
The dataset in this paper is the operating data of 499 VRF
systems equipped with sub-meters, which are located in
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all climate zones in China. Data was measured by the
sensor of air conditioning, which was used for the control
of the system. The dataset was provided by manufactory
and all the data was anonymized. The distribution of VRF
systems in all climate zones is shown in Figure 1(where
144 systems with the unknown location were excluded).
The most of cases are located in the Hot Summer and Cold
Winter climate zone.

Figure 1: Distribution of VRF systems in climate zones
of China.
All the VRF systems are located in residential buildings.
Each of the VRF systems can represent one household
sample for air conditioner occupant behaviour. The
indoor units of different VRF systems varied from 2 to 31.
The distribution of indoor units amount is shown in Figure
2. The main type of VRF is one outdoor unit with 4-5
indoor units.

Figure 2: Distribution of VRF indoor units amount.
The dataset included setting parameters and indoor
environment data, which are shown in Table 1. Each
indoor unit had all these nine parameters.
Table 1: Parameters in the dataset.
No.
1
2
3
4
5
6
7
8
9

Parameter name
Setting temperature
Setting fan speed
Indoor unit mode
On/off state
Vertical sweep state
Horizontal sweep state
Indoor temperature
Indoor relative humidity
Record time

Range
[16,30]℃
three-speed levels
Heating/cooling
On/off
On/off
On/off
[0,40] ℃
[0,100%]
Time step is 6s-60s

The research obtained the metered data of each indoor
unit from Jun. 2016 to Sept. 2016 and Nov. 2016 to Feb.
2017. As the dataset covered the cooling season for VRF
systems, this paper focused on occupant behaviour of
VRF for cooling only.

Overview of methodology
The methodology of the research is shown in Figure 3.
Firstly, data pre-processing such as data sampling, data
cleaning and data reduction was conducted to the big scale
sub-metered data. Secondly, Data mining methods were
proposed for the analysis of large scale air conditioner
user behaviour in China. The main data mining methods
for analysis included data statistics and cluster analysis.
The calculated results from data statistics provided the
distribution of using time, setting parameters of occupants
and indoor environment of the air conditioner. Typical
behaviour patterns of using VRF systems were calculated
by sampling and clustering module. Finally, the paper will
discuss the knowledge discovered in the data mining give
the recommendation for the air conditioner designing and
operation.

Figure 3: the roadmap of methodology.
Pre-processing of the dataset included data sampling, data
cleaning and data unification. As the paper focused on the
cooling mode of VRF, the part of samples in cooling
mode was collected from the original dataset. Secondly,
there was data leakage as ‘NULL', which was deleted for
cleaning. Finally, in order to do clustering analysis, data
unification for hourly data was conducted to record the
time of data.
Statistical analysis was proposed for the distribution of
real using state of VRF due to the diversity of occupant
behaviour. The statistical analysis was conducted by
calculated the using duration for different conditions. For
example, it collected all the operating data with 26 ℃
setting temperature and calculated the average using
duration per household by ‘record time' parameter. Then
the using duration with 26 ℃ setting temperature was
divided by the sum of using duration for all setting
temperatures to calculate the proportion. Finally, it got the
distribution. The indicators of using state calculated in
this paper are listed in Table 2. In order to reflect one use's
behaviour, this paper used operating data of used one
indoor unit to represent one user's behaviour. In addition,
the distributions for different months were discussed.
Table 2: Indicators of using state.
No.
1

Indicator name
Using duration

2

Setting temperature

3

Setting fan speed

4

Vertical sweep state

5

Horizontal sweep state

6

Indoor temperature

Definition
Time length when the indoor
unit is on.
Setpoint temperature of the
indoor unit
Setpoint fan speed of the
indoor unit
Vertical sweep state of the
indoor unit
Horizontal sweep state of the
indoor unit
Temperature of the indoor
unit return air
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Using patterns is time series data, which cannot be
described only using one value indicator. So, clustering
analysis was conducted to get typical using patterns of
VRF, which is a process of partitioning a set observation
into subsets in a way that objects belong to the same
cluster have high similarity while objects belonging to
different clusters have low similarity. The study only
conducted a clustering analysis of using patterns in this
paper. K-means algorithm was chosen to get the patterns,
which
is
highly
popular
in
curve
clustering(Meesrikamolkul,
Niennattrakul,
&
Ratanamahatana, 2012). The K-means clustering method
groups a dataset of N input vectors to C clusters using an
iterative procedure. Initially, the weights of the C clusters
are determined, and a random selection among the N input
vectors is made for the cluster centroids. The estimated
centroids are then used to classify objects into clusters
through Euclidean distances, expressed by equation (1).
1

𝑑(𝑥, 𝑦) = (∑𝑛𝑖=1|𝑥𝑖 − 𝑦𝑖 |𝑝 )𝑝
(1)
where 𝑥 = (𝑥1 , 𝑥2 …, 𝑥𝑛 ), 𝑦 = (𝑦1 , 𝑦2 …, 𝑦𝑛 ) are two
objects in a Euclidean n-space; p=2
The Davies–Bouldin index (DBI) (introduced by David L.
Davies and Donald W. Bouldin in 1979) is a metric for
evaluating clustering algorithms. The lower DBI
represented better clustering, which is calculated by
equation (2). It can help determine the number of
clusters(Davies & Bouldin, 1979).
̅̅̅𝑗
𝑆̅𝑖 +𝑆

1

𝐷𝐵𝐼 = ∑𝑁
𝑖=1 max (
𝑁

𝑗≠𝑖

𝑀𝑖,𝑗

)

big diversity of households. It revealed that using duration
for cooling in August is higher than in other months.

Figure 5: The quartile map of using duration for cooling
by VRF in different months.
The setting temperature distribution is shown in Figure 6,
which is bimodal distribution. 24-26 ℃ and 16 ℃ are
setting the temperature for most using duration. The
setting fan speed level distribution is presented in Figure
7. It revealed that low and high-level fan speed is set for
more than 80% time. The proportion of vertical sweep
state and horizontal sweep state is shown in Figure 8. It
can prove that the vertical sweep is more useful for users,
which is on for about 58% duration.

(2)

where 𝑆𝑖 is a measure of scatter within the cluster; 𝑀𝑖,𝑗 is
a measure of separation between cluster i and cluster j; N
is numer of clusters.

Results analysis for real using state of VRF
Distribution of real using state of VRF
Through the data pre-processing, 480 household samples
were collected for data mining work, which contained
2064 indoor units. Using the duration of VRF for cooling
distribution is presented in Figure 4. The maximum using
duration for cooling by VRF is 2486 hours. The average
using duration for cooling by VRF is 183 hours. As shown
in Figure 5, the main cooling period is from Jun. to Sept.,
which illustrated the common cooling common possible
maximum time is 2928 hours.

Figure 6: The distribution of setting temperature.

Figure 7: The distribution of setting fan speed level.

Figure 4: Using duration for cooling by VRF.
The quartile map of using duration for cooling by VRF in
different months is shown in Figure 5, which reflected the
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Figure 8: The proportion of vertical sweep state and
horizontal sweep state.
The distribution of indoor air temperature when VRF
indoor unit is on is shown in Figure 9, which is unimodal
distribution. When VRF is using for cooling, the indoor
temperature is 24-27℃ for the most time.

Figure 9: The distribution of indoor air temperature.
Typical using patterns of VRF
A VRF system included an outdoor unit and several
indoor units. For the VRF systems, it is important to know
what time and how many indoor units are using, which is
represented by using patterns. Using patterns of VRF is
significant for VRF designing and operating. The using
pattern in this paper is defined as the simultaneous usage
rate for each hour in one day. The average amount of
indoor units used in an hour divided by the total amount
of indoor units. An example of the calculated result of
using a pattern for VRF systems with a total of four indoor
units is shown in Figure 10. Through the sampling, 13,836
days of using patterns are conducted by clustering
analysis.

Figure 10: An example of using a pattern for VRF
systems with a total of 4 indoor units.
Through the trial calculation, Davies–Bouldin index (DBI)
is calculated for each time, which is presented in Figure
11. It determined that five clusters for the clustering are
better as DBI for 5 clusters is lower.

Figure 11: DBI for different number of clusters.
K-means algorithm clustering was chosen to get the
patterns. The clustering results for five clusters are shown
in Figure 12, where the clustering centres are presented
on the right. The part of samples from 5 clusters are on
the left, where black and white represented 100 % and 0%
simultaneous usage rate.
Cluster 1 represented an especially low usage for one day.
Cluster 2 represented a continuous usage during one day
while simultaneous usage rate is lower than 0.5 for most
of the time. Both Cluster 1 and Cluster2 revealed that
residents tended using air conditioning more in the
evening rather than daytime. Cluster 3 represented using
pattern mainly in the night time and simultaneous usage
rate is low. Cluster 4 represented high simultaneous usage,
where simultaneous started increasing at 7:00 and reach a
peak at 18:00. Cluster 5 represented using pattern mainly
in the daytime, where simultaneous started increasing at
7:00 and reach a peak at 16:00.
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Secondly, the setting point parameters' distributions can
help the VRF designer understand the users' preference,
such as 25-26℃ for set point temperature. For the high
proportion for 16 ℃ setting point temperature, it may
require more effort to raise the energy conservation
awareness of households by the government. In addition,
it found that vertical sweep is commonly used rather than
horizontal sweep, which may reflect that horizontal sweep
is not so helpful to improve the thermal comfort level.
Thirdly, the indoor environment distribution can help get
real thermal comfort knowledge. The indoor temperature
proportion achieves a peak at 26℃. It may support that
the thermal comfort temperature in China for cooling is
26 ℃.
Finally, the clustering analysis brought that most of the
residents in China tend not to use all the indoor AC units
for all day and for most cases the simultaneous usage is
lower than 0.5. It may require VRF systems operating
efficiently for serious partial load, which can contribute to
the development of new types of VRF systems. The
typical using patterns can help the VRF systems to adjust
itself to provide a better thermal environment for users
with low energy consumption.
Figure 12: Cluster results.
The proportion of each cluster is shown in Figure 13. It
revealed that only 5% of days are cluster 4 pattern, which
high simultaneous usage. In addition, there are only 36
days with 100% simultaneous usage continuously, which
is 0.26% of all sampling days. It can conclude that most
of the residents in China tend not to use all the indoor AC
units at the same time.

Figure 13: Proportion of each cluster.

Discussion on potential applications of
outcomes
The bid data method brought out the real distribution of
using duration, setting parameters of occupants and
indoor environment of air conditioner and typical
behaviour patterns of using VRF, which are helpful for
VRF designing and operating.
Firstly, the big diversity of using duration supported the
significance of occupant behaviour to VRF systems. In
addition, For the using duration for cooling in different
months, the high usage in July and August may draw
attention to VRF designing.

Conclusions
This research conducted data mining methods, including
statistical analysis and clustering analysis on the big scale
sub-metered data of 499 VRF systems in residential
buildings to bring out the real using state of the air
conditioner in China. There are four main outcomes of the
study:
(1) The occupant behaviour of using VRF systems in
China has a big diversity, which revealed by the big
diversity of using duration. It supported the
significance of occupant behaviour research for air
conditioners. For the using duration for cooling in
different months, the high usage in July and August
may draw the attention for VRF designing.
(2) The setting temperature distribution is bimodal
distribution, where 24-26℃ and 16℃ are two peak
setting temperature for most using duration. It may
require more effort to raise the energy conservation
awareness of households by the government.
(3) The indoor temperature proportion achieves a peak at
26 ℃ . It may support that the thermal comfort
temperature in China for cooling is 26 ℃.
(4) Typical using patterns of VRF systems showed that
it is rare 100% simultaneous usage continuously for
one day. In addition, most of the residents in China
tend not to use all the indoor AC units at the same
time. It may require VRF systems operating
efficiently for serious partial load, which can
contribute to the development of new types of VRF
systems.
For the limitation of this paper, this paper used operating
data of used one indoor unit to represent one user's
behaviour. It may ignore the cases with more than one
user using the same indoor unit. More data and method is
necessary to develop for this topic in the future. More
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analysis for relationships between the key indicators and
other environmental parameters such as outdoor
temperature is a key point for further research for the
topic.
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Abstract

occupancy

Occupancy in buildings is an important input no matter

measurement in offices and buildings, the occupancy

to building design or building on-site operation. As for
building design, the occupancy state is related to the heat
gain in buildings and further equipment operation. With
room occupied, the comfortable ambient parameter is
required and the equipment in buildings are potential to
be used. As for the building operation, with the detection
of occupancy, the auto control is likely to perform.
However, the accuracy needs improved. In this study,
occupancy state is predicted by proposed machine
learning method. During the occupancy prediction, the

possesses

pattern.
the

However,

spatial

and

from
temporal

the

on-site

stochastic

characteristic (Wang et al., 2005, Wang et al., 2011).
Therefore, many stochastic models depicting the
occupancy in buildings are proposed. The models
include non-homogeneous Poisson process model
(Wang et al., 2005), inhomogeneous two-state Markov
Chain (Page et al., 2008), agent-based model (Liao et al.,
2012) and first-order homogeneous model (Wang et al.,
2011). These models can well represent the stochasticity
of the occupancy, but the evaluation is in need for these

temporal sequential characteristic is considered to

simulation processes.

obtain a better prediction performance. The evaluation

During the building operation phase, researchers need

indicator is defined and the evaluation is conducted

the state of occupancy to perform the equipment control

through ten fold cross validation. This study can be

and regulate the thermostat. The occupied state of the

further promoted to building operation and performance

room refers that the ambient parameter should meet the

simulation.

requirement of the thermal comfort and that the fresh air

Introduction

should be supplied accordingly. There have been many

With the accumulating insight of occupant behaviour in
buildings by researchers and engineers, occupancy has
been a crucial input to be considered during the analysis
of building energy performance as well as building
equipment operation (Dong et al., 2018).
During the building design phase, the occupancy is
considered to be related with heat gain in each room.
The traditional design handbook and standard consider
the occupancy as stable occupied pattern (Standard and
Chapter, 2004, GB50189-2005, 2005). This can
represent the basic and average performance of the

researches about the occupancy prediction and ongoing
building system control and operation.
The application of building operation can be divided
into two parts. The on-site prediction for the control and
future prediction to analyse the control with optimized
target.
Kim and Moon (2018) proposed one environmental data
driven model for occupancy status detection and an
integrated comfort algorithm for operating the indoor
devices. The target is to decide three status of human in
the room, which are away, active and inactive. Here the
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inactive refers to sleeping state. Different status is
related to different set points. The occupancy state is
predicted by multinomial logistic regression model with
three inputs: occupancy data from PIR sensor, the
concentration of CO2 and the energy use of lighting
system. The prediction performance is evaluated by
prediction error which is:
prediction error =

N exact
100
Ns

(1)

Figure 2: Method structure of future occupancy

where N exact refers to the number of exact predictions
and N s refers to total number of predictions.

To conclude, in the field of occupancy in buildings

The method structure of the research is as Figure 1

research, the study is categorized as occupancy

shows.

prediction and model predictive control.

simulation and prediction. The simulation study
contributes to the building design and standard
compilation, while the prediction study contributes to
the building on-site operation. The summary of
occupancy simulation and prediction is as shown in
Table 1. This table summarises potential used input data

Figure 1: Method structure of on-site occupancy
prediction and thermal-comfort-based control
algorithm.
Another area of application utilizes the results of
occupancy prediction in a certain temporal period. The
integrated performance and energy consumption in this
period is evaluated to choose the optimized control
strategy for building operation and control for current
timestep (Dong, 2010). In this research, the occupancy

and methods during the process of occupancy
simulation and prediction.
Table 1: Input data and prediction summary for study
of occupancy in buildings.
Study of
occupancy
in buildings

Input data

Occupancy
simulation

Occupancy
pattern; measured
occupancy data

Occupancy
prediction

Historical
occupancy
pattern; CO2
concentration;
temperature;
relative humidity

state is predicted from two aspects. The amount of
occupants is predicted by artificial neural network and
hidden Markov chain with the input of CO2
concentration. The status of the occupants is predicted
by semi-Markov model with multi-inputs of acoustics,
lighting, motion, CO2 concentration and temperature &
relative humidity. The control method is called nonlinear model predictive control and this method uses the
Root-Mean-Square Error (RMSE) as the evaluation
indicator. The method structure of this research is
illustrated in Figure 2.

Method (Model)
Markov chain model;
random walk model;
logistic regression;
decision tree; agent-based
model; survival analysis
k-nearest neighbor
(KNN); random
sampling; artificial neural
network; support vector
machine; Bayesian
method

Research in This Study
The reviewed occupancy prediction methods are
normally based on ambient parameters as well as the
motion sensor. The model input relies on multi-category
sensors and the predicted occupancy state is only related
to the current time point, without the consideration of
the temporal sequential characteristic.
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Therefore, this study tries to analyse the features of

occupied ratio. The model parameter optimization is

occupancy state in one office and contribute the analysis

also considered. In this study, the model selection

results to the occupancy state prediction. The occupancy

and parameter tuning work include: network size,

state prediction is only based on the temporal sequential

activation function, solver and L2 penalty parameter

feature of the room. The occupancy state in this study

(α). After the search in fitting results, the input and

only focuses on whether the room is occupied or not, but

parameter tuning can be confirmed.

no occupant number prediction. In this study, a
systematic prediction and evaluation method are
proposed and analysed.

(3) The model evaluation. In this research, three
indicators are proposed to evaluate the prediction
performance. The confusion matrix is used to

Methodology

analyse the prediction results in detail. The accuracy

The methodology of this research is illustrated in Figure

refers to the proportion for exact prediction. The

3. The methodology of this research is divided into three
parts:

RMSE is also an indicator depicting the overall
prediction performance. The dataset is divided into
training set and testing set. The ten-fold cross
evaluation is conducted to ensure the results.
Data Acquisition
In this research, only motion sensor of passive infrared
is used to get the measurement data. The data quality of
the PIR sensor is firstly analysed for raw data preprocessing. The obtained data is shown in Figure 4. The
measurement duration is one hour, and the room is

Figure 3: Research methodology map.
(1) The acquisition and pre-processing of the

continuously occupied. However, the PIR sensor
continually reports the room unoccupied.

occupancy data. In this study, only the historical
occupancy data are used for occupancy prediction,
for this study attempts to analyze the temporal
sequential feature and explore the feasibility of
occupancy state prediction based on only historical

Figure 4: Comparison of the real occupancy data and

occupancy data. The occupancy data are collected

occupancy data from PIR sensor.

with one PIR (Passive infrared) sensor. In the
research stage, the ground truth data are from the onsite survey. The objective of the data processing is
to analyse the occupied routine of the room. The
routine is also for further occupancy state prediction.
(2) The prediction method. In this study, artificial neural
network machine learning method is used for the
occupancy state prediction. Based on the objective
to analyse the temporal feature of occupancy state,
the three types of input are considered in this study:
historical occupied state, time point and historical

Figure 5: Duration definitions during PIR occupancy
data process: (a) duration of occupied time from PIR,
(b) duration of unoccupied time from PIR.
Combined with curve characteristic from PIR sensor,
the duration of detected occupied and the duration of
detected unoccupied are defined (Figure 5). After the
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analysis of histogram of duration (a) and (b), the data
pre-processing is on one basic assumption that the
staying period will be no less than 5 minutes.
Prediction Method
This study utilized the method, which took multi-layer
perceptron based classification as the algorithm
(Gardner and Dorling, 1998). Based on historical
occupancy routine, this method effectively predicted
occupancy state of the room.
Neutral networks are a series of artificial intelligence,
and multi-layer perceptron is one of the useful types of
network study, defined as a feed-forward neural
network (Schalkoff, 1992, Jain et al., 1996). The model
of multi-layer perception neutral network contains
inputs and outputs, and the relationship of the variables
needs training through different algorithms. The model
can be adapted to non-linear functions and accurately
trained. The model consists of a series of inner system

Figure 6: Perceptron neural network with one hidden
layer.
In

this

research,

the

prediction

model

needs

optimization to get the best prediction performance.
There are four dimensions to optimize the prediction
model: neural network size, activation function, solver
method and L2 penalty parameter ( α ). The detailed
items are listed in Table 2.

with connected neurons. With multiple input variables

Table 2: Detailed items for model selection and

and output variables, the neurons in between are called

parameter tuning.

hidden layers. The connection refers to different simple
nonlinear transfer functions, with different connecting
weight coefficient. Figure 6 shows a one hidden layer
perceptron neural network structure (Pedregosa et al.,
2011). The function can be depicted as:

o1 ,...  f (i1 , i2 , i3 ,...)

(2)

Item
Neural
network size
Activation
function
Solver method
L2 penalty
parameter (α)

Parameters
layer size: 1, 2;
neuron size: 10, 20, 50, 70, 100, 120
identity, logistic, tanh, relu
lbfgs, adam
0.01, 0.1, 1, 10, 100

For neural network size, in this study, the hidden layer

The function refers to the relationship between input

size is set as 1 and 2. In each layer, the neuron amounts

variables and output variables. The function needs to be

are 10, 20, 50, 70, 100, 120 separately.

trained with the training data set. Here, the input and

For activation function, four functions are chosen, the

output variables can be represented as vectors. During
the model training, the data of transfer function and
connecting weight coefficient are repeatedly changed

detailed function formation is as follows:
The identity function:

f ( x)  x

and determined to optimize the input-output mapping.
The optimization refers to minimizing the error values.
The most basic training algorithm is back-proganation
using gradient descent procedure to locate the global
minimum of the error surface (Rummelhart, 1986),
which is the most computationally straightforward

(3)

The logistic function:

f ( x) 

1
1  e x

(4)

The tanh function:

algorithm for training the multilayer perceptron.
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f ( x)  tanh( x)

(5)

And the relu function:
(6)

For solver method, two solvers are chosen for error
optimization, which are Limited memory BFGS (LBFGS) method (Le et al., 2011, Liu and Nocedal, 1989)
and ADAM method (optimized SGD) (Kingma and Ba,
2015). L-BFGS method is highly competitive mainly for
low dimensional problem, while ADAM is more
for

high

information is considered. In conclusion, this study
takes the following three variables as inputs, and the

f ( x)  max(0, x)

appropriate

input, the historical occupancy state and temporal

dimensional

problem

and

outperforms L-BFGS solver.

prediction is conducted with these inputs separately:
(1) Historical states, in this study, we select the
historical states in the former five minutes.
(2) Time point.
(3) Historical occupied ratio in this time point.
Evaluation
Confusion matrix, accuracy and Root-Mean-Square
Error (RMSE) are selected as the evaluation indicators
(Fawcett, 2006). The confusion matrix refers to

L2 penalty parameter (α) refers to a weight coefficient

 True positive False negative 
 False positive True negative 



of regularization term in the equation of minimized
function. The value of α is bigger, then the model tends
to be simpler, in reverse, the value of α is smaller, the

TPR FNR 
 FPR TNR 



overfitting. In this study, the penalty parameter (α) is set
According to the parameter tuning mentioned above, the
prediction model selection and parameter tuning are
conducted.
One more important issue is to decide the input of the
model. In this study, the historical occupancy routine
and temporal sequential relationship of the occupancy
state are mainly discussed. So only the data from PIR
sensor is used as the occupancy state data, without
introduction of other ambient parameters. As for the

7)

And the ratio of confusion matrix is expressed as:

model tends to be more complicated, and even
as 0.01, 0.1, 1, 10 and 100 separately.

(

(
8)

The accuracy refers to the rate of correct prediction,
which is:
accuracy 

TP  TN
TP  FN  FP  TN

(
9)

The dataset is divided into training set and testing set.
The indicators can be used for training set to get the
fitting performance, as well as the testing set to analyse
the prediction performance. The specific procedure is as
Figure 7 shows.

Figure 7: Procedure of model training and testing.
As for the validation, the ten-fold cross validation is

The temporal resolution of the data is 30 seconds. The

conducted to the dataset (Kohavi, 1995).

office is for three staff.

Case Study and Results

The data for the first month is analysed about the

Historical Occupancy Dataset

historical occupied routine. The occupied ratio is shown

The occupancy data in one office room is measured
lasting for two months, with only weekdays picked out.

in Figure 8. This study focuses on prediction of whether
the room is occupied. Here the occupied ratio means the

________________________________________________________________________________________________
2161
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________

proportion of the room to be occupied in the history days
in each specific time point.

(a) Input: historical states

(b) Input: time point

Figure 8: Historical occupied ratio in study office
room.
(c) Input: occupied ratio

From the analysed occupied ratio, the occupancy state
in this office is of certain routine. The working time is

Figure 9: Model selection and parameter tuning

from 8 am to nearly 7 pm. The occupied ratio increases

results of activation and solver.

and decreases all sharply, which means that the routine
of the working is quite regular. Another feature lies at
noon, when the occupants regularly go out for lunch. As
for the working period, the occupied ratio is not stable
but fluctuating, indicating that the occupants are not
continuously in the room. Possible events include going
to the restroom and having a meeting.

(2) Neuron size and L2 penalty parameter (α)
Figure 10 and Figure 11 illustrate the optimization
results of neuron size and penalty parameter (α), with
one and two hidden neuron layers separately. The input
of historical occupancy state is of more satisfied fitting
performance. The parameter adjustment did not bring
about much performance improvement in terms of the

Model Selection and Parameter Tuning

time point input. For this study, the increase of neuron

For the model selection and parameter tuning, half of the

size or the layer size did not improve the fitting

occupancy data set is selected as training set. Three
inputs are tested to the model separately. The optimized
parameters are decided by the evaluation results of
fitting performance.
The RMSE value for fitting data is used to decide which
parameter combination is the best for the model fitting.
The optimization analysis is from two aspects:
(1) Activation and solver
Figure 9 illustrates the results of the model selection and
parameter tuning with different combinations of
activation functions and solver methods. The RMSE
value refers to the average value for fitting evaluation
results. The input of historical occupancy states shows
the best fitting performance, with the lowest RMSE
value. The influence of the activation function to the
fitting performance is not distinct, while normally, the

performance well. While the penalty parameter ( α )
much influences the results. With the α value decrease,
the model tends to be more complicated, and the RMSE
value

decreases

accordingly.

However,

the

improvement is also limited, when the α is smaller
than 1, the RMSE value does not decrease any more.
Therefore, the α value should not be definitely small to
avoid overfitting.
It should be noted that in order to enhance the
visualization of the results of model selection and
parameter tuning, and because the dimension of the
parameters are more than three dimensions, the RMSE
values are calculated as the average value for the
parameter items not mentioned in the two coordinates in
each plot. The figure tries to present the trend of the
model selection and parameter tuning.

“lbfgs” solver method is better than “adam” method.
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for prediction is 99.4%. The prediction result for one
day is illustrated as Figure 12 and the accuracy is shown
in Table 4. The third graph shows the difference between
real occupancy data and predictive occupancy data,
which shows the time point of wrong prediction. It is
noted that the figure refers to the occupancy state of the
(a)

(b)

room. 1 refers to the occupied state and 0 refers to
unoccupied state.
Table 3: Summary of optimized parameters for each
input.
Input

(c)
Figure 10: Model selection and parameter tuning
results of activation and solver (with one hidden
neuron layer).

n_layer
n_neuron
Activation
Solver
α
RMSE for fitting

Historical
states
1
10
identity
lbfgs
1
0.0747

Time
point
2
20
logistic
lbfgs
0.01
0.1832

Occupied
ratio
2
10
identity
lbfgs
1
0.1826

Table 4: Prediction results of the best performance.
Input
Historical states

(a)

Prediction RMSE
0.075

Accuracy
99.4%

(b)

(c)
Figure 12: Comparison result for occupancy
Figure 11: Model selection and parameter tuning
results of activation and solver (with two hidden
neuron layers).
Prediction Results
After the model selection and parameter tuning, the
parameters of the best performance for each input are
summarized in Table 3.
In this study, the input of historical states possesses the
best fitting performance. The prediction performance is
evaluated during the parameter tuning. The average
RMSE for prediction is 0.075, and the average accuracy

prediction in one day.

Conclusion
In both building design phase and operation stage, the
occupancy state is one of key inputs. It is important to
figure out the occupancy state in the room or building.
From measurement, occupancy state in buildings
possesses spatial and temporal stochastic feature. In this
study, the temporal sequential feature is analysed and
used for occupancy prediction. The machine learning
method is introduced to the occupancy prediction.
Through model selection and parameter tuning, the
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optimized parameters are selected. Furthermore, the
evaluation method of the prediction is proposed.
This study shall be the preliminary research of
occupancy study only based on PIR sensor to detect the
occupancy state of the room. However, the data quality
from PIR sensor needs careful analysis. How to
distinguish errors in the measurement data and how to
maintain the prediction quality are key issues. For future
work, the performance for combined input shall be
evaluated. The amount and state of occupants in
buildings are also to be figured out. What’s more, selflearning and model update need to be settled for on-site
use.
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Inhabitants’ Adaptive Strategies:
A Case of Interactive Control in Residential Buildings
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Abstract
Building inhabitants act more complexly than architects, engineers and designers assume. Inhabitant actions vary depending on comfort preferences, body
type, clothing preference, cultural habits, knowledge
of building science, controls, awareness of sustainable
practices and contingencies of life. These parameters are not definitive: there might be more of which
we are not aware. The more people involved, the
more complexity increases. This paper summarizes
inhabitants’ adaptive strategies in residential buildings through a qualitative study on 14 households in
Vancouver. It elucidates inhabitants’ comfort preferences, barriers to sustainable adaptation and the
adaptive impact of a proposed system Light Weight
Look Ahead Options (LWLA).

Introduction
Designers, architects, and engineers have identified
that discrepancies between predicted and actual energy usage arise with inhabitants whose action and
interaction with building elements are not as simple
as assumed in simulation tools or advanced user simulations. The following sections highlight a few sustainable design practices and their gaps.
User models and simulations
Advancement in technology and building controls
provide more adaptive opportunities for occupants
to achieve the desired comfort. Current standard
models do not meet these adaptive requirements
and mostly ignore the complex adaptive nature of
people. The widely used Fanger PMV model is
static and is more applicable to similar activities
with minimal or no interactions. Post-occupancy
evaluation shows that PMV progressively overestimates (De Dear (2004)) or underestimates (Becker
and Paciuk (2009)) comfort perception, and ignores
the dynamic daily life of inhabitants (Humphreys and
Fergus Nicol (2002)). The adaptive thermal comfort
model was designed to meet the dynamic nature of
the inhabitants, but it is applicable only for naturally
ventilated buildings. Passive design strategies are becoming the norm and buildings are retrofitted with

them to improve energy efficiency. These buildings
can ignore overheating and inhabitant comfort. Lomas and Porritt (2017) report that the interaction of
inhabitants (especially seniors) with thermostat settings and windows in a temperate climate causes overheating in the building. Inhabitants action may cause
overheating or overheating may trigger other effects.
Studies of energy efficient buildings show considerable
differences between assumed and actual usage (Nord
et al. (2018); De Wilde (2014)). Simulation tools
do not take uses such as household appliances into
consideration. Further, the relationship between the
“dwelling use, dwelling type, and occupant characteristics” is not well-understood (Majcen et al. (2013)).
Nord et al. (2018) conclude that it is highly relevant
to consider inhabitant behaviour for better prediction in Zero Energy/Emission buildings. Advances
in technology have enabled access to data on occupancy and occupant energy consumption. Models of
occupancy began to emerge from monitoring data and
sensors. Hoes et al. (2009) conclude that simulating
user behaviour is a significant parameter in energy
simulations. Jia et al. (2017) classifies occupancy
modelling methods (statistical, stochastic, etc.) and
argues that no one model is more efficient than the
others. The complexity of the model makes integration difficult and needs further study. Advanced simulations have improved and contributed to the understanding of user interaction and operations in buildings. The gaps are still significant, and designers and
researchers are trying to reduce them.
Home automation
Home automation, also widely known as “smart” or
“intelligent” homes, aims to help inhabitants reduce
energy consumption through technologies and control strategies. This approach seems to embed the
assumption that the home and system can, in and of
itself, provide comfort and energy efficiency. Thus the
technologies focus more on the rules of use rather than
the user experience (Woodruff et al. (2007)). The
actions predetermined by intelligent systems can be
frustrating when they do not align with actions that
the inhabitants intend (Mozer et al. (2005)). Cole
and Brown (2009) argue that inhabitants have been
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neglected in smart building design, and adds inhabitant’s intelligence to the five existing attributes of
intelligent buildings. Recent research is shifting focus from “smart home” to “smart occupants.” Such
studies address inhabitants behaviour, motivational
strategies and how automation can impact inhabitants’ daily life and comfort (Bartram et al. (2011)).
Fabi et al. (2017) highlight the importance of considering inhabitants’ needs in smart buildings.
System first, people second
Designers have engaged in systems thinking, that is,
understanding, modelling and configuring a design
situation as an interacting assembly of parts. However, the physical parts of the building system have
been given more attention than the human parts,
likely because it is the physical parts that are the
product of design. Designers believe that embedded
systems and controls enhance inhabitant comfort, interaction, and experiences in the buildings. They
largely ignore the intrusive nature of the technology;
the adaptive opportunities it provides and hinders.
The building design, embedded systems, and controls
are judged more on the presence of physical components and performance than on its end use by inhabitants. Building simulation researchers are improving
assumptions of user behaviour, but they are ignoring
the engagement of inhabitants and their interaction
in the buildings.
Separate from the field of design, mainly in the social
sciences, researchers have developed understandings
of how people, individually and in groups, actually
interact with buildings. Often, for a passive design
to be successful, the user needs to operate with the
building elements to make the performance complete:
passive design requires active inhabitants (Hampton
(2011); Cole et al. (2010)). Research shows otherwise. Inhabitants’ reasons for not performing an interaction at the appropriate time run the rich gamut
of human experience—including the pressure of time,
unawareness, lack of motivation, negligence of the
inhabitants, multiple inhabitants issues, aesthetics,
noise issues, and forgetfulness, to name only a few
(Hampton (2011)). Understanding and designing for
inhabitant engagement appears to be a sound strategy for improving performance.
Engaging inhabitants
Designing for feedback is one technique designers use
to involve the inhabitants in saving energy actively
(Flemming et al. (2008)). Feedback has both positive and negative impacts on inhabitant energy interventions (Abrahamse et al. (2005)). Having feedback supports energy control, but the quality of the
feedback affects sustainable action outcomes (Darby
(2006)). Feedback systems mostly show resource consumption and its effect but do not help the users to
take the next set of actions to reduce energy consumption (Flemming et al. (2008)). Also, it is not enough

to design feedback—the system needs to understand
the context and the behaviour that needs to be influenced or changed (Froehlich et al. (2010)). Though
feedback systems have issues to address, they still
have some positive effect on inhabitants’ behaviour.
Faruqui et al. (2010) argue that In-Home displays encourage consumers to make efficient use of energy
and can reduce consumption on an average by 7%.
Feedback with motivational techniques, incentives, a
larger context, and social interaction improves inhabitant engagement (Strengers (2008)).
A problem with current monitoring systems is they
display current energy use and predict the future
based on histories. They do not explain the reason
for differences in their energy consumption. Also, inhabitants may have various possibilities of actions to
perform for their comfort issue based on their context.
The implications of such actions are not modeled in
most systems. Various studies aim to improve feedback in smart residential buildings, but they do not
display the possibilities of action with comfort and energy implications. To engage and make inhabitants
aware of the possible effects with comfort and energy
usage we built a feedback system: Light Weight Look
Ahead options (LWLA), which runs multiple parallel simulations of various possibilities with the building system and elements. LWLA aims to include detailed “lived experience” in the design of control systems for buildings. It aims to include many relevant
factors, including social factors, family relationships,
building type, building idiosyncrasies, cultural background, knowledge of buildings. Its design stance is
that a system needs to be an aid for people not just
to control their environment, but also to understand
it. This paper continues the analysis presented in
the SimAUD paper (Rajus and Woodbury (2018)).
Here we summarize inhabitants’ attributes for comfort modelling; barriers to sustainable adaptations;
and the adaptive impact of the proposed system.

Research design
The research aims to understand inhabitant adaptations in buildings by designing an interactive feedback
system and conducting qualitative research. The goal
of LWLA was to have a deeper understanding of inhabitants’ interaction in buildings. The interactive
feedback system displays information on comfort and
energy usage based on inhabitants interaction with
building systems (like a thermostat) and elements
(like windows). The qualitative research was conducted at the participants’ dwelling to understand:
Who they are? How do they adapt? And, how does
the system assist them to adapt?
Interactive system design
The LWLA system design reifies the following ideas:
Lookahead in alternatives, context and time
LWLA provides look ahead with alternatives, context
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and time. For example, an inhabitant may be feeling cold in the building, and the reason may be because the windows or door were left open, metabolism
level may be low, thermostat setting may be low,
or they may be wearing light clothing. The choices
may depend on social factor, personal factors, operative building elements, and systems. The novelty of
LWLA system is that it will run possible alternatives
related to the context and reveal its implication over
time. Interaction in buildings affects the future more
than the present.
Multiple interaction models
Inhabitants have three ways to express their discomfort, and these models have different expression and
control freedom. The first expression is the “I feel”
model. The “I feel” interaction comprises a single selection and the system responses with possible choices
considering the context and building parameters. The
inhabitants express their perception of feelings based
on the PMV comfort scale. For example, “I am feeling cold,” and the system displays the possible alternatives with comfort and energy usage (See Figure
2). “If buildings could talk” is an interaction model
where the building alerts the inhabitants, if the comfort level is above or below threshold. It is automation
with set criteria. Here, the inhabitants need to initiate the system to alert them based on their comfort
thresholds. “What if ?” model is where inhabitants
can make individual inquiries. For example, what
happens if they leave the windows open and at what
time will it make the room uncomfortable. “What
if ?” model aims at exploring options. These models
are explained in detail in the SimAUD paper (Rajus
and Woodbury (2018)).
Data comparison
LWLA compares cost and comfort data whereas
the existing monitoring systems display information
based only on energy usage. The information considers two main factors. Firstly, personal factors like
clothing, activities, and consumption of food or beverages. Secondly, building elements (like windows or
blinds) and systems like a thermostat. The system
analyses data only for thermal comfort model.
Interactive Data Visualization

(Node.js)

2

1
Inhabitants interaction

Building geometry and
energy simulation

Server

(Html5, Javascript, D3.js, Jquery)

Inhabitants
interaction schedules

(Rhino/Grasshopper/Ladybug/Honeybee)

3

6

7
Data visualization

4

Python
programming

Simulation results

Building model

5
Energy simulation
(Energy plus)

Figure 1: System Design.
Figure 1 shows the overall system design. It has three
parts: interactive data visualization; server; building
geometry and simulation. The interactive data visualization allows the inhabitants to interact with the
three models. The server stores the interactive data

of the inhabitants and triggers multiple parallel simulations. The building geometry and simulation—
an energy-efficient house was modeled in Rhinocerous/Grasshopper, and Ladybug/Honeybee platform
runs, the energy simulation. Once the simulation runs
the system updates the information. Figure 2 shows
the user interface designed in HTML 5, Java script,
jQuery and data visualization using D3.js. Figure 3
shows the python scripting in Grasshopper.

Figure 2: LWLA Interface design for “I feel”model.

1

2

3

Figure 3: Screen shot of options generator in
Grasshopper. (1) Input data from the server, (2)
Python component, (3) Possible options.
User study
The study was conducted in the participant’s house,
as tasks of a few hours and over extended periods.
Conducting the study at the participants’ house gave
clear contextual data. The participants were asked
to narrate their experiences as we could not watch
what they do daily over a period. The contextual
study enabled the participants to explain their issues
by acting them out and interacting with their residence. The data collection methods in this study
were semi-structured interviews, participant observation, and field notes. No meter data was collected,
the questionnaire and tasks posed different scenarios
that captured their adaptive strategies.
The participants were recruited from different community groups and by the spread of word through
friends and faculty. The criteria considered were age,
family size and building type (like apartments or individual homes, see Figure 4). The study mainly focused on families with or without children and with or
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without seniors living with them. Children were not
participants for research ethics reasons. Couples provided very different data than individual interviews.
Hence, we decided to balance individuals and couples. However, conducting the study as couples gave
varying responses. One person says I do this action;
the other person starts to explain the conflict they
have in their choice. Also, they helped each other
in remembering the issues and struggles they faced
in achieving comfort or understanding energy usage.
A disadvantage is a personal opinion may be overpowered by the other. The study is balanced as it
considers seven individual and seven couples. Sustainability involvement and awareness leaned towards
a positive response to the tool. Hence, we involved a
very few sustainable enthusiast. Inter-rater reliability was conducted in Nvivo 11 for three households
(two couples and one individual). The data were partially coded and considered two major sections of the
study: adaptations made and interaction models. It
was evaluated using Kappa coefficient and percentage agreement. We found that adaptations made has
a good agreement and interaction models have a moderate agreement (See Table 1).
Passive houses

1

Individual houses

4

Town houses

Conventional

3

Apartments
0

1

2

3

4

5

9

Programmable

6

0

6

(a). Types of residential buildings

5

2

4

6

8 10

(b). Thermostat types

Figure 4: Building Demographics.
Table 1: Inter-rater reliability.
Nodes

2. AM*

2. AM*

2. AM*

3. IM*

3. IM*

3. IM*

Sources

D1&D2

HF

IM&IF

D1&D2

HF

IM&IF

Kappa

0.7368

0.7071

0.7419

0.4591

0.5127

0.4863

Agrement %

90.21

93.78

91.84

90.33

91.05

93.92

A & B%

19.75

8.96

15.43

5.02

5.69

3.28

Not A & Not B %

70.46

84.82

76.41

85.31

85.36

90.64

Disagreement %

9.79

6.22

8.16

9.67

8.95

6.08

A & Not B%

6.3

3.54

7.3

7.3

6.63

3.09

B & Not A%

3.48

2.68

0.85

2.38

2.32

2.99

AM is Adaptations Made; IM is Interaction Models.

Findings
The results show three categories: (1) inhabitants
attributes for comfort preferences; (2) barriers to
sustainable adaptations; and (3) adaptation through
LWLA.
Inhabitants’ attributes for comfort modelling
In this section, we highlight five key points that comfort modelling tools ignore.
People (and households) are idiosyncratic
“I am more a colder person, and she is a warmer
person”— FM
Participants FM and FF articulate the reason for a
multiple comfort model, as their family has three children and have various comfort preferences. FM says

that he is colder in comparison to his spouse and he
often needs to wear a sweater to be comfortable. He
was not happy with the trade-off. He argues the differences in the temperature an adult chooses is higher
in comparison to a child. Therefore, he suggests the
need for multiple comfort personas to resolve the issues. One-size-fits-all does not work for comfort settings. Another participant LM needed solutions to
the conflict they are facing with temperature settings
every day. It is a challenge to consider multiple occupants with varying body temperature and personalities for energy modelling. But the problem needs
to be approached. Out of the seven couple and seven
individual studies, only one couple mentioned their
similarities in comfort preferences.
People carry cultural adaptive knowledge
“It is ingrained in you”—HF
A person relocating comes with habits, beliefs, and
practices from their region. The weather and adaptations vary between countries, within countries, and
within states. Two couples who moved from Mexico (and other warm countries) to cold Vancouver revealed that cultural practices prevail. During cold
winter they said they would wear sweaters. One of
the reason was back home in their country they do
not have a heater. So, whenever they felt cold, they
would wear a sweater. It is a good sustainability
practice. Contrarily, a participant narrated how her
friend wears light clothes and flip-flops during winter. She cranks her thermostat to be comfortable.
This person is from the Philippines and is comfortable wearing light clothes. Similarly, a couple who
moved from South Africa mentions they like fresh air
and the room to be cooler hence they leave the windows and heat on. In both scenarios, the building
loses energy.
Acclimatization takes time, and it influences adaptive
behaviour. A participant who moved from Ontario to
Vancouver expressed his difficulty in adjusting to the
weather. Ontario is a cold, but dry, region compared
to Vancouver. Also, Vancouver has many microclimates because of the sea breezes. Vancouver weather
is mild in winter compared to other Canadian cities.
It is wet, and the weather keeps changing because
of the seafront. Hence, it feels colder compared to
Ontario weather. This participant felt colder in Vancouver than in Ontario, and his reason was Ontario
weather is dry. The participant mentioned that he
took long hot baths to regulate his body temperature. It took him a year to adjust to the regional
climate. There were similar discussions when moving
from one building to another building.
Actionable knowledge is limited
“...for both of us thermostat up is the first thing to
do!”—DM
The research covers various issues in adaptation with
controls like thermostat, blinds, doors or windows.
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The interaction with the thermostat is elaborated
here, as the study shows it is the primary solution
for discomfort. There might be other options, but
action precedes reasoning. A few participants said
they adjust the thermostat only in extreme weather
or freezing room. Complex interface or technology
(like a programmable thermostat) make the people
passive with interactions. The other reason a person is passive is that they ignore their surroundings
when focused on a task, for example, gaming. Participants also increase the thermostat for the following
reasons: to reduce moisture or to avoid mold growth;
conflict in comfort requirements; the presence of a
baby, children, seniors or guests; people’s sensitivity
to cold; and finally if the inhabitant is doing an activity and is feeling cold. People need to understand
that poor insulation, cooking, or showering may also
cause an increase in moisture. Increasing the thermostat is one option to resolve the issues, but there are
other solutions like improving the window insulation,
ventilating the building sufficiently or use extractor
fans. Awareness of possibilities and understanding
building functions will affect their choice of actions.
LWLA can demonstrate the possible criteria mentioned above, however it does not consider all possible variables, for example, LWLA does not provide
suggestions to change building functions. Any system
should consider the context to help inhabitants make
a sustainability-related action. LWLA can help the
inhabitants in weighing actions and making meaningful interactions. In conclusion, the needs of the
inhabitants and interactions cannot be approached
separately. They need to be approached holistically
based on inhabitants’ knowledge, awareness, memory,
and comprehension.

grammable thermostat setting, as it is complicated to
do so. One participant stated that he would like to
express to the system “lower it for two hours.” Voiceassisting systems like Alexa and Siri are becoming a
part of daily life. The current generation is growing
with technology and appreciates its use and incorporation. However, some people who are less technical
may prefer to make their choices.

Understanding technology aids or obstructs
interactions
“...The only reason I would not change the
thermostat ..is usually I find it unfriendly.”—MM
Technology influences the daily practices of inhabitants. Most participants mentioned in a social context that it is “a constant battle” with the thermostat during conflicts over comfort issues. They often interact with the thermostat by raising or lowering it without reference to others. This leads to the
question of how to use the thermostat efficiently to
save energy. People do not understand how a thermostat influences the room temperature. For example, participants found it difficult to understand why
the room was cold or hot after increasing or lowering
the thermostat. Various factors may influence room
temperature, and the inhabitants need to evaluate
the causes to make appropriate changes to the building elements and controls. While understanding the
function and use of technology is essential for adaptations, the real issue lies with the interface design of a
control system, for example, the thermostat. Participants mentioned that they would not change the pro-

Agency must align with effect for a control system to
have an impact. For example, if an inhabitant has no
access to mechanical system controls, (s)he will resort
to actions that yield comfort but may increase energy consumption. In a centrally heated apartment,
the inhabitants have less control to operate for comfort. A couple mentioned that their building was too
hot, and they had no control to change the settings.
Instead, they adapted by wearing light clothes and
walking barefoot in the apartment. No control leads
to unwanted energy use. In an individual house that
is partly sublet, the owner has more control over the
thermostat setting than the tenants. A participant
mentioned they were cold during winter and could
not adjust the thermostat setting—so they are very
uncomfortable. The participant also highlighted that
the kitchen was cold as well. The owner preferred
a different temperature setting. Lack of agency disrupts life.

Activities and body’s core temperature amplifies interactions
“...if I am doing physical work and am cold in here,
I am more likely to turn the thermostat up”—IF
Inhabitants’ activity is one of the core principles in
an energy comfort model. These models use standard and scheduled assumptions. Activity affects the
metabolism of the body: being inactive or sitting in a
constant position for a long time will affect the body’s
core temperature. A few participants mentioned if
they are working (like sewing or typing) and feeling
cold they will increase the thermostat. According to
Fanger’s PMV model, if a person is working, then
they are at specific temperature, and it is constant.
However, the study shows that participants doing the
work feel cold after some time. The PMV model considers the activity input as an immediate effect, but
for most people, it is a gradual increase. A system
can show the cause-effect of the actions.
Barriers to sustainable adaptations
The previous section explains the attributes from the
inhabitants’ perspective. Here, barriers represent the
lack of information or interaction availability to them.
Agency
“You have no control”—EM & EF

Knowledge of building performance
“Turn on the gas fireplace, and then we crack open
the windows for fresh air.”—GM
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Most apartments for the study were well insulated
and airtight, so overheating was an issue. For example, people use fans or leave windows open during
winter when the room is over-heated. It is easy and
fast to open a window; harder to turn down a thermostat and wait for the temperature to fall. LM mentioned he would like to know the effect of his action on
energy usage and savings. LM, who was taking measures to save energy, became demotivated because he
was not able to see its effect on cost. LWLA helps
in this respect. The participant mentioned that he
wished he could look at the data for his house after
seeing the impact of different interactions in LWLA.
Lack of information about energy usage hinders inhabitant awareness and motivation to take sustainable action. Most of the participants left all the windows and doors open during the summer. The operation may increase or decrease the temperature in
the building, but, at particular times of the day and
orientations of the building, operating windows or
doors can be helpful for ventilation. The knowledge
gap between system use and function affects interactions. For example, understanding the role of the
thermostat, windows and blinds will change the way
inhabitants interacting with them. Lowering a thermostat for overheating may or may not resolve the
issue because sometimes it could be based on building design. Especially for apartments, heat is gained
through stack effect and from shared walls. Most of
the interactions performed by the inhabitants were
energy consuming, and even during the task completion participants needed an explanation for specific
actions. People can and will use qualitative performance explanations.
Time latency
“If I am feeling hot, I would probably open the door
or a window. For at least a little bit.....turning the
thermostat down will eventually take a long
time”—LM
An action taken affects the future more than the
present. Increasing the thermostat does not immediatey change room temperature. There is a time
latency, and people do not understand it. They hesitate to both raise and lower the thermostat. The
adaptations are mainly through windows or clothes
as these effects are quickly felt. LM argues the room
state is not changing but his metabolism is, so concludes by saying he will not lower the thermostat.
Some activities take effect in the future and not at the
current state. For example, initially, while reading a
book the participant is at a comfortable room temperature. However, as time passes, the participant
feels cold and increases the thermostat. In this case,
the metabolism becomes low due to a steady state,
hence drinking something warm or a short activity
can change their metabolism. Participants need to
understand the cause-and-effect of interactions and
activity in the buildings.

Trade-offs
“What could I do to be comfortable and save
economically?”—IF
Trade-off considers participant actions, where they
choose adverse decisions like opening windows during winter instead of lowering the thermostat. Participants wear sweaters mostly as a trade-off or as
a compromise during conflicts in comfortable room
temperature. A practical design approach for the future is to consider both the parameters: comfort and
energy use. One cannot be separated from the other.
Most participants preferred one over the other, and
few people gave equal preferences for both the parameters. Comfort typically takes priority, for example, a
couple mentioned they like the building to be slightly
cold, and hence they leave the doors open during winter. This couple also said that they do not care about
energy use. Their reason was that gas is cheap. Likewise, people who have an economic constraint or if
they are sustainability enthusiasts might trade a comfortable temperature. These may not be the healthiest interactions. While comfort was the most prominent influencer, aesthetics of the surrounding environment influenced as well. Making trade-offs clear
and explicit may affect future choices.
Adaptive impact of the proposed system

Figure 5: System dialogue in order of preference, Out
of 21 responses, 11 chose “I feel”. Two Participants
chose “I feel” and “If buildings could talk” as equal
first preferences (Rajus and Woodbury (2018)).
The “I feel” model was highly preferred compared to
the other two models (See Figure 5) as it acknowledged people’s sense of comfort and compared cost
with room comfort. Figure 5 summarizes participants’ preferences of the three models. “What if ?”
model was least preferred as it required more effort
from participants. “If buildings could talk” was preferred by parents to notify them of their children’s
interaction. Participants said this model is helpful
to learn their comfort and cost thresholds. Figure
6 gives an excerpt of comparing the three interaction
models. The comparisons are detaily explained in the
previous paper (Rajus and Woodbury (2018)).
Decision-making
“I think to look at this; it is sort of in your brain
logical like ’close the door’.”—HF
Possible options and energy data helped participants
to weigh the options and choose the action. During
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Preference Order
1
ID

2

Negotiation
3

I feel Model

DF

My own sense of
feeling is important

NM

You can actually do
that!
gives you option with
cost

If buildings could talk
Model

What if Model

It’s interesting as well
because it updates on
what’s happening to
the buildings

Play around its fun

It’s cool

I know what to do, I
am not going to look at
various options and
weigh it

If the system says here are the options and
optimizes energy versus comfort, people will use it

IF

MM

I can change the
feeling but doesn’t
solve the economic
problem

No preference

I already know the
options, I dont’ need
the building to say it

Prompting can be
annoying

I like the idea of
knowing what
happens if I do this
I tend to know what’s
the best option
just to understand that
I am making mental
thought for what I do

Figure 6: Excerpt of Model comparison of the three
interaction models (Rajus and Woodbury (2018)).
the pre-questionnaire, some participants’ initial interaction was to increase the thermostat when the building was cold and leave the windows open for fresh
air. However, on seeing the information, they understood its impact and changed their choices. They
were willing to make combined actions like lowering thermostat and wearing a sweater. Lowering the
thermostat was not a standard response to the prequestionnaire, but during the task completion, when
participants saw the comparative data, they said they
would choose to lower thermostat if it saves some cost.
Learning
“in that absence of that information, all we know is
that it makes us have a better sleep”—LF
During the study, participants learned the effect of
their actions on why one choice was more efficient
than the other. For example, instead of increasing the
thermostat, a participant chooses to wear a sweater.
This action brought them to a comfortable perceived
temperature. But they also noticed that lowering the
thermostat by 2 degrees and wearing a sweater causes
low energy usage and gives the same comfort. There
were questions about personal changes like wearing a
sweater and its effect on energy usage. The sweater
does not affect energy usage directly but is a sustainable action. They wondered why lowering the
thermostat reduces the cost and the sustainable action of wearing a sweater does not. Here participants
need to see the effect of their actions. So, seeing the
options helped them in narrowing their choice. Also,
one participant mentioned that “I feel” and “If buildings could talk” will help children to learn why one
option is better than others. Participants note that,
while “I feel” is easy to express, “If buildings could
talk” could help them learn about comfort thresholds
and options.

“Actually this would help us to reach probably the
collective agreement”—DM
Most of the couples mention during the prequestionnaire that differing comfort requirements created a “constant battle” or a need to compromise
on differing comfort requirements. While conducting
the task completion, I noticed that the participants
started consulting with each other on the options and
what choice they would like to make. They discussed
and weighed the options and came to a conclusion.
In fact, one of the participants stated that LWLA or
a system like this would help them in negotiation.
Trust and control
“I am initializing it”—PM
Participants mention that they trusted the system because they are in control of decisions made. Across
the three interaction models, they initiate actions and
make choices. The system only provides or suggests
possible comfort and energy options. Participants
trusted the system because the decision was initiated
and concluded by them. A few participants suggested
partial automation and system intelligence to learn
their preferences, but expressed they would still like
to be in control. In LWLA, the inhabitant controls
and initiates action.
Conclusion
The intent of LWLA is to close the gap between design intent and actual use of the building by providing
information on and rich interactive control of comfort and energy usage. The present study, which presented LWLA to a variety of households, expanded
our understanding of providing effective environmental controls. From an inhabitant’s perspective, it
shows that background, culture, knowledge and activity all affect interactions within buildings. From
a system perspective, it shows a rich variety of barriers and opportunities that inform design of future
interactions. The LWLA prototype itself is only a
start. While its commitment to structuring interactions around human-system “conversations” (e.g., “I
feel”) shows promise, the study revealed many other
questions for interaction. For instance, LWLA was
designed with the implicit assumption of being controlled by a single person, whereas the study showed
that active negotiation is a real part of family interaction with the building system.
Towards a future LWLA
LWLA considers only thermal comfort in its system
design. Often the actions of inhabitants affect other
energy resources. For example, closing thermal blinds
may reduce heat loss but affects daylighting. A future
system may consider other comfort parameters like
lighting and ventilation. Each of the barriers listed
in the Findings section poses new design challenges.
Perhaps the most difficult, and therefore the first that
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should be addressed, is the fact that interaction is
mostly a group, rather than an individual, activity.
While we believe that LWLA’s conversation-based design has strong potential, we argue that some of the
barriers be better addressed before LWLA is implemented and longitudinally evaluated in residences.
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Abstract
The manual shift of residential wet appliances
(dishwashers, washing machines and tumble dryers) in
French households that have subscribed to a Time of Use
(ToU) tariff represents a flexibility potential available
already today and at zero-cost. To quantify this flexibility,
a bottom-up model is here proposed and validated. This
includes a stochastic occupant behaviour model for
predicting the use of the wet appliances and an overlying
agent-based model to predict their shifting under the ToU
tariff. The model is validated using empirical data
collected in a recent monitoring campaign, which
provided energy measurements from 60 dishwashers, 100
washing machines and 23 tumble dryers in 107 French
households for a period of 1 year.

Introduction
Demand response (DR) is an inexpensive and efficient
solution to deliver flexibility to the future electricity
system. In France, it is estimated that DR in the residential
sector will contribute, both via direct and indirect control
mechanisms, to 1 GW of additional flexibility by 2030;
lower than the additional 3 GW expected from the
industrial sector, but comparable to 1/2 GW expected
from batteries and 1/2 GW from pumped hydro energy
storage (RTE, 2017b).
For residential customers, different price-based schemes
can be adopted to incentivize DR. Examples are ToU
tariffs, Critical Peak Pricing (CPP), Critical Peak Rebate
(CPR) and/or Real Time Pricing (RTP). In France,
households have the option to choose a ToU tariff: in 2018
14.6 million French households (about 41% of all the
French households) have chosen to adopt a two-rate ToU
tariff system instead of a more conventional single-rate
flat tariff (Enedis, 2019).
The French two-rate ToU tariff has historically been used
to shift the use of domestic hot water heaters during the
night or in the middle of the day in correspondence with
the off-peak hours, when the cost of electricity is low
because of the low electricity demand. Monitored
electricity data (ADEME, ENERTECH, and EDF, 2008;
ENERTECH, 2016) shows that French households have
further exploited their flexibility by also shifting their wet
appliances. Wet appliances represent an important share
(about 13%) of the electricity consumption in French
households (RTE, 2017a). A share which is expected to
increase in the future due to the reduction of space heating
needs and the replacement of conventional electric

resistance water heaters with more efficient heat pump
water heaters.
While domestic hot water heaters can be automatically set
to heat the water during the off-peak hours, today’s
smartest wet appliances imply the users to be manually
engaged with the shifting. Built-in delay functionalities,
which are now becoming increasingly available, allow the
users to either shift the starting time by a defined number
of hours or to end the process at a predefined time.
Consumer survey data collected in Europe (Stamminger
and Schmitz, 2017) shows that France is the European
country with the highest percentage of washing machines
having a delay functionality built-in (in over 70% of the
surveyed households) and with its highest usage for
shifting the load towards the off-peak periods of the day
(55%). For the dishwashers the situation is similar: France
is the country where the delay function is most often used
for load shifting (by almost 80% of the households) and
where most of the surveyed households have such a
function available in their dishwashers (in almost 70% of
the surveyed households). This is happening despite the
very low cost savings achievable when households use a
ToU tariff (Gottwalt et al., 2011).
Users’ flexibility towards the use of wet appliance is most
often studied using top-down models, such as demandprice elasticity matrices (Venkatesan, Solanki, and
Solanki, 2012). It is more difficult to create bottom-up
models since they require a detailed modelling of the
stochastic behaviour of the occupants. Example of
flexibility bottom-up models are given by the works of:
(Fischer et al., 2017; Gottwalt et al., 2011; McKenna and
Keane, 2016; Sancho-Tomás et al., 2017). Gottwalt
arbitrarily defines different smart mode scenarios for each
wet appliance (e.g., 3 scenarios are defined for the
washing machine, in scenario 1 it has to finish within 5h,
in scenario 2 within 10h and in scenario 3 before the next
day at 6am) and randomly selects one scenario each time
a wet appliance is used (Gottwalt et al., 2011). In the work
of Fischer, the start of each appliance is shifted based on
a user response rate which is appliance-specific and is
derived from 350 questionnaires collected during a pilot
experiment (Fischer et al., 2017). However, occupants’
self-reported flexibility might not actually coincide with
their actual flexibility. In addition, the response rate is
assumed constant during the day. McKenna relates a
change in the probability of a switch-on event to a change
in price, by using both self-elasticity and cross-elasticity
coefficients, which are derived from previous studies of
demand-price elasticity matrices (McKenna and Keane,
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2016). In the work of Sancho-Tomás, device-agents use
Q-learning algorithms to maximize a cost reward function
(Sancho-Tomás et al., 2017).
These models neither are based on empirical data nor are
validated against data collected in real households. In this
paper, a new bottom-up model able to predict the
flexibility of French wet appliances is introduced and
validated using monitored data from French households.
This new model includes a stochastic occupant behaviour
model for predicting the use of the wet appliances and an
overlying agent-based model to predict their shifting
under ToU tariffs.

Methods
Simulation platform
The bottom-up stochastic occupant behaviour model for
predicting the use of the wet appliances is embedded
within the simulation platform DIMOSIM (DIstrict
MOdeller and SIMulator), which can be used to model
energy demand at district level (Riederer et al., 2015).
In the first part of the paper, the model of wet appliance
usage (as implemented in DIMOSIM) is presented and
validated, focusing especially on the following aspects:


the suitability of using Time Use Survey (TUS) data
to represent the activities related to the wet
appliances,
 the validity of the unit load curves,
 the validity of the simulation procedure.
In the second part of the paper, the model of wet appliance
flexibility is described and validated. The modularity of
the code (written in Python 2.7) allows for the
development of a new independent component, which
could be directly integrated in DIMOSIM. The simulation
principle is presented in Figure 1.
Validation Procedure
The two models are validated using data collected in a
monitoring campaign performed in 2015 and providing
energy measurements from 60 dishwashers, 100 washing
machines and 23 tumble dryers in 107 French households
at an interval of ten minutes for a period of 1 year (Dupret
and Zimmermann, 2017; ENERTECH, 2016).
The household sample was selected to be as
representative as possible of the French residential sector
by taking into consideration the following criteria:
 geographic location,

 type of residence (single-family home or flat),
 household location (city or countryside),
 household composition,
 household socio-economic characteristics.
The selected sample is representative of the national
characteristics except for one criterion, the socioeconomic characteristics of the households. In fact,
managers and professionals are overrepresented in the
sample (34% instead of 11% at the national level).
Around 41% of the monitored households has subscribed
to a two-rate ToU tariff system. This rate is the same as
the national value (Enedis, 2019).
The sample is generated in the DIMOSIM platform in a
deterministic way by first defining the number of
occupants and their occupation (employed, unemployed,
retired, student…) for each household. Children are
assumed to be students as they follow a similar daily
pattern. The wet appliances are then assigned to the
different households. Despite a thorough description of
the sample, some information is missing to define all the
parameters in a deterministic way. For example, it is
known that there are 60 dishwashers but it is unknown
which particular household of the 107 monitored
households has a dishwasher. There is also no information
on the relationship between the energy class of the
equipment and the size of the household (or the
occupation of the occupants). Hence, the wet appliances
and their features (energy class and capacity) are
randomly allocated to the households based on the
available distributions of the energy classes and
capacities. This implies that the generation of the sample
is partly performed in a stochastic way. Several
simulations (around 100) are then necessary for the
convergence of the results in terms of mean values and
standard deviations. The simulation time-step is set to 10
minutes to capture the dynamics of the district when
observing hourly patterns.
For each studied appliance, different metrics are
evaluated to assess the validity of the model:



The annual number of cycles and the annual energy
consumption (per household and per person). Both
mean values and standard deviations are compared.
The distribution of the energy consumption (ratio
weekends/weekdays, ratio off-peak/peak hours,
hourly patterns).

Figure 1: Simulation framework.

________________________________________________________________________________________________
2174
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________

Model of wet appliances usage
To develop stochastic appliance use models, TUS datasets
are generally preferred over monitored data obtained
using electrical power sensors since they are bigger in size
(reporting daily activities of thousands of occupants) and
better capable of reproducing the behavioural diversity of
the real population (Yan et al., 2015). Thus, the model of
wet appliances usage is based on TUS data collected in
France from September 2009 to September 2010 (INSEE,
2010c). The French 2009-2010 TUS study involved
12000 responding households. A randomly chosen
household member (aged 11 or more) was given a daily
logbook, where he/she could note its activity (by choosing
among 140 activities) each 10 minutes for two days (one
weekday and one weekend day). If this member had a
spouse, he/she was also included in the sample. Other
characteristics were also collected, including the date of
the survey, the household composition and the
respondent’s employment/education status.
Step 1: identifying clusters of habits
About 27900 daily logbooks are available for building the
model. These 27900 daily times series are first grouped
according to the type of occupant (employed,
unemployed, retired, student…) and the day of the week
(weekends and weekdays). Within each group, a
hierarchical agglomerative clustering (HAC) using the
Jaccard distance metric and the Ward’s linkage criterion
is performed to find clusters of similar daily profiles. This
is based on the assumption that most human behaviour is
habitual and thus repeats itself over the year. The elbow
method is used to find the appropriate number of clusters
for each group, which is reported in Table 1.
The following procedure is then applied to create different
yearly time series:


Draw both a weekend and a weekday cluster in the
list of clusters corresponding to the type of occupant
being simulated.
 Draw the weeks of vacation according to INSEE data
(INSEE, 2010b).
 For each day of the simulation:
 If it is a weekday, draw a daily schedule in the
weekday cluster and apply it.
 If it is a weekend, draw a daily schedule in the
weekend cluster and apply it.
 If it is a vacation day, set the activity to other
outside.
If a household includes more than one occupant, the
yearly time series of each occupant are summed up
together. The main limitations of this approach are:


the possible incoherence between occupants of the
same household as their schedules are drawn
independently,
 the lack of seasonality,
 the possible bias due to self-reporting (for example,
television use is largely under-reported compared to
other studies).
For the dishwasher, an activity dishwashing is directly
available in the French TUS dataset. For the washing

machine, the activity laundry is selected. While, for the
tumble dryer there is not a corresponding activity, the use
of the tumble dryer is thus assumed to follow the laundry
activity. These different activities can be considered as
flexibility-free since the appliance built-in delay
functionalities allow for a decoupling of the activities
from the starting times of the appliances.
Table 1: Number of daily logbooks and clusters within
each group.
Type of
Occupant
Employed
Student
Unemployed
Retired
Stay-AtHome
Other

Type of
Day

No. of
logbooks

No. of
Clusters

Weekday

7729

15

Weekend

6200

20

Weekday

763

9

Weekend

760

8

Weekday

887

11

Weekend

748

6

Weekday

4357

15

Weekend

4221

10

Weekday

817

7

Weekend

709

4

Weekday
Wee

323

4

318

2

Step 2: drawing the
right number of events
kend
The created yearly time series for each appliance can
contain more events than the actual switch-on events,
since, for example, washing the dishes by hand or
loading/unloading the dishwasher are activities that take
more than 10 minutes. Hence, a defined number of events
is drawn from the yearly time series of the TUS-activity
starts based on the ratio:
𝑛𝑐𝑦𝑐𝑙𝑒𝑠
𝑛𝑇𝑈𝑆 𝑠𝑡𝑎𝑟𝑡𝑠 ∗𝑛𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑡𝑠

(1)

Where 𝑛𝑐𝑦𝑐𝑙𝑒𝑠 , 𝑛 𝑇𝑈𝑆 𝑠𝑡𝑎𝑟𝑡𝑠 and 𝑛𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑡𝑠 are the average
number of cycles per week, TUS starts per week and
occupants per household, respectively. Thus, it is
assumed that a cycle always corresponds to the same
number of TUS-activity starts, independently of the
number of TUS-activity starts of the simulated household
(i.e. linear relationship). 𝑛𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑡𝑠 is set equal to 2.3
based on the average French national value (INSEE,
2010a). 𝑛𝑐𝑦𝑐𝑙𝑒𝑠 is based on the available monitored data
(ENERTECH, 2016):
 Dishwasher: 3.5 cycles/week.
 Washing Machine: 3.2 cycles/week.
 Tumble Dryer: 2.7 cycles/week.
These values, which are very close to the average French
national values (Stamminger and Schmitz, 2017), could
also be set based on average values for Europe (AISE,
2017).
Furthermore, a monthly variation of the drawing
probability is added to the model of the tumble dryer to
account for the possibility to dry the clothes outside
during the summer period (ENERTECH, 2016).
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Step 3: adjusting the starting times
For the tumble dryers, a shift (based on an exponential
distribution having lambda equal to 2) of the selected
washing machine events is added to account for the
waiting time between the washing and drying activities.
The lambda value is estimated based on empirical
observations. A future development of the model should
include a more rigorous way to estimate this parameter.
Finally, events that are too close to each other are
removed from the list and are substituted with new
randomly drawn events. The minimum time between two
events is equal to the maximum length of a cycle.
Step 4: adding the unit load curves
The unit load curves of the different types of program are
randomly assigned to the starting times. The share of the
different program types is either based on the monitored
data (ENERTECH, 2016) or on general survey data for
Europe (AISE, 2017). 1200 unit load curves are defined
to account for the diversity of equipment that can be
encountered in a population. The energy rating ranges
from A+++ to G for all three devices. The different
capacities and types of program are the following:
 Dishwasher: capacity (4 to 21 plates), type of program
(standard, eco, fast, auto).
 Washing machine: capacity (5 to 10 kg), temperature
of the program (cold, 30, 40, 60, 90°C at full charge
and 30 and 40°C at half charge).
 Tumble dryer: capacity (4 to 6 kg), full/half charge.
The unit load curves are built based on the EU labelling
scheme for electronic devices (EU, 2010).
Results of the validation
The uncertainty of the simulation results is evaluated by
performing a set of 100 simulations of the sample
(constituted of 107 households). The unknown
characteristics generate uncertainty, which can be
observed in the boxplots of Figure 2, Figure 3, Figure 4
and Figure 5. In these figures, half of the data is
distributed within the box and the data outside the
whiskers represents outliers.
The uncertainty on the measured results also needs to be
taken into account since the size of the sample is relatively
limited (from 100 washing machines down to 23 tumble
dryers). The uncertainty on the mean values of the
measurements is evaluated using the Student's tdistribution (𝑛 being the size of the sample):
𝑥̅ ±

𝑡𝑛−1 {95%}
√𝑛

𝜎

(2)

A large uncertainty on the measured mean values is
evident for the small sample of the tumble dryers.
The comparison of the simulated and measured average
number of annual cycles is presented in Figure 2. The
coherence between simulated and measured mean values
confirms the validity of the simulation procedure. As the
average annual number of cycles per household is
correctly simulated, the average annual energy
consumption can be compared. From Figure 3, a good
agreement between simulated and real sample can be
observed (the mean values are within the uncertainty

bands), except for the annual consumption of the washing
machine, which is slightly overestimated. The average
energy use per cycle for this equipment is higher than the
one measured, which can be explained by the lack of
information on the energy class (almost half of the
devices’ energy class is unknown for the washing
machine). To be conservative, it has been assumed that
the distribution of the energy classes of the equipment
without energy labelling follows the distribution of the
available energy classes. However, these devices might
have a better energy class as the household sample is
skewed towards high socio-economic categories.
Furthermore, high socio-economic categories might have
more energy-efficient laundry habits (e.g. low
temperature washing).

Figure 2: Average annual number of cycles per
household (mean value over 107 households). Each
boxplot represents 100 data points from 100 simulations.

Figure 3: Average annual energy consumption per
household (mean value over 107 households). Each
boxplot represents 100 data points from 100 simulations.
To ensure a correct repartition of the white goods usage
across the sample, the distribution over the different sizes
of household has been evaluated in terms of
cycles/person/year for the dishwashers (Figure 4) and the
washing machines (Figure 5). It can be observed that the
simulated and real samples have similar trend: the average
values per person are higher for households of 1 and 2
persons and then decrease for larger households.
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Model of wet appliances flexibility
Two physical quantities are necessary to model the
flexibility of the households subscribed to a ToU tariff:
 the probability of having a flexible configuration
𝑝𝑓𝑙𝑒𝑥 ,
 the time of the configured shift 𝑡𝑠ℎ𝑖𝑓𝑡 .

Figure 4: Average annual number of cycles per person
for the dishwashers over households of different size.

Figure 5: Average annual number of cycles per person
for the washing machines over households of different
size.
Evaluating the average values over the 107 households is
not sufficient to validate the model. The diversity within
these 107 households needs to be assessed too. Therefore,
the standard deviation of the usage frequency and energy
consumption has been compared for the real and
simulated sample (Table 2). The simulation platform is
not able to reproduce the diversity that has been observed
in the sample. The simulated standard deviations are less
than the real values. It should be noted that the monitored
diversity is extreme: for example, the number of cycles
per year for the washing machine ranges from 443 down
to 8 cycles/year. Our used method produces average
profiles and does not include special events that could
increase or decrease the number of normal cycles, such as
out-of-service periods of the machines, long periods away
from home or long sicknesses at home.
Table 2: Standard deviation within the simulated and
real population.

[cycles/y]
[kWh/y]

Real
Simul.
Real
Simul.

Dishwasher
150
67
100
61

Washing
machine
110
79
60
62

Tumble
dryer
125
44
180
105

A configuration state (flexible or not flexible) is predicted
using a time-dependent Bernoulli process. After an
occupant has started a wet appliance, a uniformly
distributed random number 𝑛 in [0,1[ is picked and is
compared to the probability of flexible configuration
𝑝𝑓𝑙𝑒𝑥 . If the probability 𝑝𝑓𝑙𝑒𝑥 is more than the random
number 𝑛, a flexible configuration occurs. A shift 𝑡𝑠ℎ𝑖𝑓𝑡 is
then assigned to each flexible state.
Modelling the probability of flexible configuration
𝑝𝑓𝑙𝑒𝑥 is modelled using data collected during the LINEAR
pilot experiment, which run from 2009 until 2014 in
Belgium (D’hulst et al., 2015). As part of the LINEAR
project, 418 smart wet appliances were deployed in 186
households during a period of 36 months. Users could
decide if starting the appliance immediately (no window
of flexibility) or if using the appliance in flexible mode by
setting an ultimate finish time with a maximum of 24 h
delay (flexibility window). Based on the available energy
tariff, the smart appliance automatically optimized its
start within this window.
Participants were rewarded using a capacity fee, which
induced them to offer as much flexibility as possible. The
capacity fee amounted to 1€ per 40h of flexibility window
configured and did not depend on the time of day.
Furthermore, users were not aware of the varying demand
response strategies implemented during the different
phases of the pilot study. Hence, the resulting flexibility
model can be potentially applied while studying any
specific DR strategy and/or energy tariff structure.
Based on the results of the LINEAR study, the probability
of flexible configuration 𝑝𝑓𝑙𝑒𝑥 is found to depend on the
time of the day (with a peak of flexibility in the evening),
on the day of week (weekdays vs. weekend days) and on
the type of wet appliance used. In particular, it is found
that the dishwashers outperform the other wet appliances
in terms of flexibility and have a mean probability of
flexible configuration equal to 25%. This was predictable
since, for the case of the washing machines, users need to
have an additional control over the finish time, so as not
to leave the wet clothes too long inside the machine before
drying them. This makes them less willing to provide
flexibility, as compared to the dishwashers. However,
unlike the LINEAR households, French households are
manually shifting their washing machines and have
control over the end time of the washing cycle. Because
of this difference, it is here assumed that the probability
of flexible configuration for the washing machines is the
same as for the dishwashers and only depends on the time
of the day and on the day of week, 𝑝𝑓𝑙𝑒𝑥 (𝑡) in Figure 6.
This raises a very important point on how users engage
with their appliances since they are not merely trying to
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optimize their behaviour based on a cost function as most
modelling approaches assume (McKenna and Keane,
2016; Sancho-Tomás et al., 2017). They prioritize
practical issues over costs. This also means that a smart
washing machine that optimizes its cycle within a userpredefined time will not work in practise (as the LINEAR
pilot experiment clearly demonstrates), with the exception
of the case in which integrated washer dryers are used.
A different case is that of the tumble dryer, which needs
to be started as soon as the washing machine is done. For
this appliance, no flexibility is observed in the monitored
data (ENERTECH, 2016). This is also evident from
Figure 10 and Figure 11: the night share of the annual
energy consumption for the households subscribed to a
single-rate flat tariff is the same as for those subscribed to
a two-rate ToU tariff.
Modelling the time of the configured shift
𝑡𝑠ℎ𝑖𝑓𝑡 is modelled based on the framework described in
Figure 6, where the entire household is represented as an
agent that make probabilistic decisions according to the
specific ToU tariff he subscribed to. It is assumed that the
ToU tariffs always include both a diurnal and a nocturnal
period of off-peak hours, as it is most often the case in
France. The off-peak hours of the day are set to start at
either 13:00 or 14:00 and to end at either 16:00 or 17:00.
While, the off-peak hours of the night are set to start at
either 22:00, 23:00 or 00:00 and to end at either 05:00,
06:00 or 07:00. This reflects the main off-peak hours
available in France (Enedis, 2019).
When a flexible configuration occurs, the occupant shifts
its appliance to the next off-peak hours, either during the
day or during the night. Energy data from 87 washing

machines and 65 dishwashers monitored in 2008 for an
average of 44 days in 100 French homes (ADEME et al.,
2008) shows that users have a preference to shift their
devices’ loads during the off-peak hours of the night. It is
therefore here assumed that 80% of the flexible cycles are
shifted during the following night, 𝑝𝑛𝑖𝑔ℎ𝑡 = 80%.
Furthermore, each occupant decides if shifting its
appliance either at beginning or at the end of the off-peak
hours. Shifting at the end means to shift the appliance so
that its cycle ends at the end of the off-peak hours. For the
case of the day shift, the probability of shifting at the
beginning is assumed to be equal to the probability of
shifting at the end. While, for the case of the night shift,
observed data (ADEME et al., 2008) shows that
occupants tend to shift their dishwashers at the beginning
of the off-peak periods, since there are not problems in
letting the dishes inside the machine during the night.
While, for the washing machines, occupants would rather
not let the wet clothes inside the machine during the night
and prefer to have their laundry finished early in the
morning. Hence, the probability of day/night shift
depends on the type of appliance used, 𝑝𝑏𝑒𝑔 (𝑎)/𝑝𝑒𝑛𝑑 (𝑎).
It is here assumed that 80% of the flexible dishwasher
cycles are shifted at the beginning of the night off-peak
hours, 𝑝𝑏𝑒𝑔 (𝑑𝑤) = 80%, and 80% of the flexible
washing machine cycles are shifted at the end of it,
𝑝𝑒𝑛𝑑 (𝑤𝑚) = 80%.
To account for the fact that occupants do not behave in a
deterministic way, not all the appliances are shifted
exactly at the beginning or exactly at the end.
Randomization is introduced by anticipating (for the end
case) and delaying (for the beginning case) the shift based
on an exponential function with lambda equal to 1.

Figure 6: Simplified flowchart of the framework used to model occupants’ configured shift (𝑡𝑠ℎ𝑖𝑓𝑡 ).
Results of the validation
In Figure 7, Figure 8 and Figure 9 the distributions of the
normalized hourly mean loads are shown both with and
without the flexibility model. The flexibility model is only
applied to the households that subscribed to a ToU tariff
(41%), which are randomly chosen among all the
households. It can be noticed that the overlaying

flexibility model improves the fitting between the
simulated and the real data. This is particularly evident
during the night, with a substantial increase of the load.
This also means that simulating users’ behaviour without
accounting for their manual shifting at night results in a
significant underestimation of the night load.
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There are still some problems with the occupants’
stochastic model, which tends to underestimate some
hourly peaks in consumption and overestimate others. In
particular, the model underestimates the morning peak for
the dishwashers, while overestimates it for the washing
machines. The tumble dryer’s model needs further
development since it is not able to correctly reproduce the
hourly distribution of the load.
Finally, Figure 10 and Figure 11 show the night share
(from 22:30 to 06:30) of the annual energy consumption
for households subscribed to a single-rate flat tariff and to
a two-rate ToU tariff, respectively. The model is able to
predict the night shares of consumption for the
households subscribed to a two-rate ToU tariff.
Figure 7: Normalized (with respect to the total daily
load) hourly mean load for the dishwashers during the
weekdays. The loads are given both with and without
(w/o) the model of occupants’ flexibility.

Figure 10: Night share (from 22:30 to 06:30) of the
annual energy consumption for households subscribed to
a single-rate flat tariff.

Figure 8: Normalized (with respect to the total daily
load) hourly mean load for the washing machines during
the weekdays. The loads are given both with and without
the model of occupants’ flexibility.

Figure 11: Night share (from 22:30 to 06:30) of the
annual energy consumption for households subscribed to
a two-rate ToU tariff.

Discussion and Conclusion

Figure 9: Normalized hourly mean load for the tumble
driers during the weekdays. The loads are given both
with and without (w/o) the model of occupants’
flexibility.

The results of the validation procedure show that the
model is able to reproduce the annual number of cycles
and the annual energy consumption at a mean level.
However, it is not able to correctly simulate the diversity
of the usage within the simulated population. A better
modelling of the effect of the ToU tariff on the use of
French wet appliances has been achieved and the model
is able to predict the hourly load distribution and the night
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share of the total energy use of dishwashers and washing
machines but not those of the tumble dryers.
In the future, further efforts should be dedicated to the
development of the wet appliance usage model, especially
for the tumble dryer. Also, the agent-based model used to
predict the shifting of dishwashers and washing machines
should be further developed using survey investigations
to calibrate the probabilities 𝑝𝑓𝑙𝑒𝑥 , 𝑝𝑑𝑎𝑦/𝑛𝑖𝑔ℎ𝑡 , 𝑝𝑏𝑒𝑔/𝑒𝑛𝑑 .
A further development of the model could take into
account the socio-demographic profile of each agent,
which would determine the above probabilities, instead of
using an average agent profile. The use of survey data
would also make possible to extend the use of the
flexibility model to other countries. Once the flexibility
model is calibrated using survey data, it could be used:





to quantify the flexibility potential of the wet
appliances at national level by performing
simulations on a reduced household sample
representative of the national sample,
to evaluate the effect of increasing penetration rates
of the ToU tariff on the national flexibility potential,
to study the impact of different types of ToU tariffs
at different scale (district, city, region and national).
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Abstract
It is well recognised that improved representation of
occupant behaviour within building performance
simulation (BPS) tools is required to reduce the gap
between design stage expectations and performance in
use. One outcome of the recently completed IEA Annex
66 project encapsulated occupant presence and behaviour
models within a ‘Functional Mock-up Unit’ (FMU)
named obFMU. The intention is that obFMU co-simulates
with any BPS tool that adopts the ‘Functional Mock-up
Interface’ (FMI) protocol, thus expanding and
harmonising available functionality.
This paper outlines the steps required to link obFMU to a
BPS program based on the source code adaptations
applied to the BPS program ESP-r. The paper also
highlights the non-trivial implications for BPS tool users
when creating input models and when engaged in the
post-simulation interpretation of simulation outcomes.
The paper concludes with recommendations for the future
evolution and application of behaviour-enabled BPS.

Introduction
The behaviour of occupants can have a major impact on
building performance and the representation of this
behaviour within BPS tools is required to reduce the gap
between design stage aspiration and performance in use
(Yan et al. 2015). In response, mathematical models have
been developed for occupant-related aspects such as
window actuation (e.g. Fritsch et al. 1990, Tuohy et al.
2009, Yun and Steemers 2008, Haldi and Robinson 2009),
and lights switching (e.g. Hunt 1979, Reinhart 2004).
Some researchers, such as Reinhart (ibid.), combined
occupant presence and behaviour within the same model,
while others developed standalone models that track interroom movement (e.g. Page et al. 2008, Wang et al. 2011).
Occupant models are usually stochastic and seek to
capture the wide variety of perceptions and behaviours
within a population in response to environmental stimuli.
BPS tools have been slow to integrate this functionality
and have typically retained a prescriptive approach to the
representation of occupant presence and behaviour via the
use of schedules defining occupant presence, activityrelated casual heat gain, lights switching, and thermostat
setting adjustment (Cowie et al. 2017). Explicit occupant
modelling removes the need for such prescriptions and
places the representation of occupants on the same
dynamic footing as the other domain models comprising

a simulation: for intra-construction heat transfer, intersurface radiation exchange, air movement, control system
action, electrical power flow, and weather variation for
example. Where BPS tools have attempted to incorporate
explicit occupant modelling, the approaches are often
inconsistent (ibid.), perhaps permitting the blending of
deterministic and stochastic rules, or offering preconstructed models based on empirical data that is not
generally representative. As reported by Yan et al. (2015),
there is a need to harmonise the field by bringing together
the available knowledge to enable homogenised
functionality within BPS generally.
This challenge was addressed by the Annex 66 project
(www.annex66.org, Yan et al. 2017), undertaken under
the remit of the International Energy Agency’s Energy
and Buildings in Communities programme (IEA-EBC).
The aims of this project were “to set up a standard
occupant behaviour definition platform, establish a
quantitative simulation methodology to model occupant
behaviour in buildings, and understand the influence of
occupant behaviour on building energy use and the indoor
environment”. A key outcome was an occupant behaviour
simulation toolkit called obFMU (Hong et al. 2016),
which makes use of the FMI for co-simulation standard
(www.fmi-standard.org). In theory, this allows any BPS
program linked to obFMU to access its capabilities at
runtime, providing a variety of stochastic occupant
behaviour models that can be implemented on a time step
basis within a simulation. As a contribution to the Annex
66 project, the ESP-r program was adapted to enable cosimulation with obFMU.
While obFMU represents a clear evolution in the BPS
state-of-the-art, there are a few key barriers to realising its
potential impact. To co-simulate with obFMU, the BPS
program must support the FMI standard and must have
specific provision for the input and output variables used
by obFMU. In addition, the user must take on the
additional burdens of defining the links between obFMU
and the BPS tool, and interpreting simulation outcomes
under stochastic influence.
This paper is intended to address these barriers. After a
brief review of the functionality of obFMU and FMI in
general, the process of linking ESP-r and obFMU is
described along with the resources available to assist such
developments. A case study is then used to demonstrate
the non-trivial implications for BPS tool users when
creating models and when engaged in the interpretation of
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simulation predictions. Finally, the paper explores the
limitations of obFMU and the FMI interface, and makes
recommendations for the future evolution and application
of behaviour-enabled BPS.
Functionality of obFMU and FMI
obFMU
is
available
for
download
from
https://behavior.lbl.gov/obFMUdownload
and
the
essential aspects of its functionality are as follows.
First, obFMU encapsulates an occupant movement model
that “uses Markov chain movement with a transition
probability matrix that determines the probability of an
occupant moving from location to location based on the
previous location” (Hong et al. 2016). Second, the tool
provides a framework for implementing user-specified
occupant behaviour models defined by the obXML
schema (Hong et al. 2015b), which implements the
DNAS ontology (Drivers, Needs, Actions and Systems)
for occupant behaviour modelling (Hong et al. 2015a).
Belafi et al. (2016) implemented 10 sets of occupant
behaviour models from the literature in obFMU (available
as from https://behavior.lbl.gov/obxmldownload):
1.

Blind and window opening and closing models from
Haldi and Robinson (2008, 2009).
2. Light activation model from Hunt (1979).
3. Light activation models from Love (1998).
4. Blind opening and light activation and deactivation
models from Newsham (1994).
5. Heater activation models from Nicol et al. (2001).
6. Light activation models from Reinhart and Voss
(2003).
7. Air conditioning activation and deactivation models
from Ren et al. (2014).
8. Window opening models from Yun and Steemers
(2008).
9. Window opening models from Zhang and Barrett
(2012).
10. Light activation and window opening and closing
models from Gunay et al. (2015), which are based on
the models of Reinhart (2004), Hunt (1979), Haldi
and Robinson (2009), and Yun and Steemers (2008).
The current version of obFMU (v1.3.3) evaluates wholebuilding occupant movement prior to the commencement
of the building simulation. Hence occupant presence does
not depend on dynamic conditions evaluated during the
simulation, but is defined by a schedule generated
stochastically based on prescribed habits and events.
obFMU communicates with BPS programs using the FMI
standard, which defines the prototypes for a variety of
standard functions. These functions enact data exchange
between the FMU and the calling program, and simulation
of the models within the FMU. An FMU consists of code
conforming to these prototypes, compiled into a Dynamic
Link Library (DLL), packaged with XML metadata, and
delivered as a compressed (.zip) archive. Because FMUs
contain pre-compiled libraries, the operating system
platform can be an issue as such libraries are platformdependent. The version of obFMU considered here

included libraries for 32- and 64-bit Windows platforms,
and 64-bit Linux platforms.
There are different versions of FMI available. The current
version of obFMU is restricted to FMI for Co-Simulation
v1.0 (MODELISAR 2010), so a BPS program must
support this specific version to co-simulate with obFMU.
FMI for Co-Simulation operates on a master-slave basis.
The functions within the slave (the FMU) are called by
the master program. Without explicit parallelisation, the
master must wait for the slave to finish any task it assigns
the slave (via a function call) before continuing, which
removes any potential issues relating to CPU time
synchronisation.
Whilst the FMI standard defines the communication
protocols, it must remain general to accommodate the
specific intent of each FMU. The input and output
variables of an FMU can be anything, which limits the
generality of the implementation in the master program.
For example, obFMU addresses occupant behaviour
modelling, while in another context an FMU might
address weather data generation or demand response
signalling by a utility. The input variables required by
FMUs to evaluate their models will clearly be different,
just as the outputs passed back to the BPS program will
be different. This is an important caveat: adapting a BPS
program to co-simulate with obFMU will not necessarily
allow that program to co-simulate with another FMU.

Enabling co-simulation between ESP-r and
obFMU
FMI Library
A useful resource for implementing FMI in the master
program is the open-source FMI Library (FMIL),
available for download from www.fmi-library.org. This
“provides a comprehensive C language API for
interacting with all parts of FMUs” (www.fmistandard.org/downloads). FMIL comprises a library and
header files, which are linked when compiling the BPS
program. This resource reduces development effort in two
ways. First, FMIL provides functions for calling the
functions defined by the FMI standard, and data structures
to support interaction among these. This removes the
burden on the developer to create these functions and data
structures. Second, FMIL provides utilities for interacting
with an FMU, such as unzipping the FMU, loading the
FMU DLL at run time, and parsing the XML metadata
files. Whilst most operating systems typically provide
such utilities, FMIL conveniently packages open source
versions already integrated into its functions. This
removes the burden on the developer to locate, implement
and learn such utilities.
The version of FMIL (v2.0.1) used to implement FMI in
ESP-r has the limitation of not supporting multiple
instances in a single FMU. The FMI standard defines an
‘instance’ as an entity in the FMU. In obFMU, instances
are analogous to thermal zones in ESP-r allowing explicit
mappings between obFMU instances and ESP-r thermal
zones as described later. Normally, a single version of
obFMU, unzipped to a single location, would keep track
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of all instances simultaneously. To work around the
present limitation of FMIL, obFMU has to be unzipped to
different locations, one for each instance, which increases
disk space and initialisation time. However, compared to
the typical requirements of BPS, such impacts are
negligible.
It is worth noting that if obFMU were ever developed to
evaluate occupant movement during a simulation as
opposed to before, this would require internal
communication between instances. In this case, the single
instance limitation of FMIL would also need to be
addressed to maintain the linkage within ESP-r.
Source code adaptations
There are 3 steps to the co-simulation process: before,
during and after a simulation. The first initialises obFMU,
the second calls obFMU at each time step, and the third
deallocates system resources. The FMIL v2.0.1 function
calls required at each step are summarised here.
In step 1, the separate obFMU instances are initialised and
system resources allocated. Each instance is then
signalled that an ESP-r simulation has commenced. The
system resources are allocated to FMIL by calling the
function fmi_import_allocate_context. In initialising and
instantiating obFMU, each instance must be treated as a
separate FMU due to limitations of FMIL as explained
above. To do this, the following functions must be called
(in the given order) for each instance of obFMU:
fmi_import_get_fmi_version, fmi1_import_parse_xml,
fmi1_import_create_dllfmu,
and
fmi1_import_instantiate_slave. Finally, the function
fmi1_import_initialize_slave is called for each instance to
signal that a simulation has begun, and prepare obFMU
for the function calls during step 2.
An ESP-r simulation comprises a series of time steps with
the values of the state-variables (temperature, pressure,
moisture content etc.) for each finite volume comprising
the building known at the present time row of the current
time step. In step 2, during each simulation time step, data
characterising each thermal zone’s environment are
passed from ESP-r to obFMU, the behaviour models of
obFMU are evaluated, and data characterising occupant
actions are passed back from obFMU to ESP-r. Calling
functions fmi1_import_set_real, fmi1_import_do_step,
and fmi1_import_get_real for each instance, facilitates
these actions respectively (note that all inputs and outputs
to obFMU are considered as real numbers even if they
only take integer values). A critical decision is where to
position the calls to obFMU within the time stepping
procedure. In ESP-r, the occupant action returns from
obFMU are processed as control system directives.
Hence, obFMU is invoked at a point when all
environmental and state variables are known at the
present time row but before control actions are evaluated
and applied for the present time step.
In step 3, the function fmi1_import_terminate_slave is
called for each instance to signal the end of the simulation.
The
functions
fmi1_import_free_slave_instance,
fmi1_import_destroy_dllfmu and fmi1_import_free are
then called (in the given order) for each instance to

deallocate the system resources assigned to obFMU.
Finally, the function fmi_import_free_context is called to
deallocate system resources for FMI.
The FMI standard specifies that the C programming
language be used to implement a FMU (FMIL is also
written in C). For BPS programs written in languages
other than C, mapping the variables that comprise the
input and outputs to the FMIL functions from that
language into C may be challenging. ESP-r is primarily
written in Fortran 90/95 with most elements of the
graphical user interface written in C. As such, precedent
already existed in the ESP-r code for mapping variables
between Fortran and C. The approach taken to implement
FMI in ESP-r drew upon this precedent. Code in both
Fortran and C was written: Fortran subroutines interacting
with ESP-r, and C functions interacting with FMIL.
For example, to accomplish phase 2 as detailed above, the
existing ESP-r code calls the function FMI_SIMSTEP.
This function evaluates all FMU instances during a time
step, first retrieving the input data required for obFMU
from the data structures of ESP-r, then repeatedly calling
the lower level C function fmic_simstep_ (the trailing
underscore is a convention to allow calling from Fortran
code). This function evaluates a single FMU instance
using the FMIL functions.
Interface adaptations

Figure 1: FMI interface in ESP-r.
obFMU has its own input data requirements to define
instances, occupants, and behaviour models. ESP-r
requires linkage directives to associate obFMU instances
with thermal zones, and define how input and output
variables of the behaviour models be handled. This
necessitated an extension of the user interface as depicted
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in Figure 1 (which also serves to summarise the input
requirements to enable co-simulation). Only the menu for
FMU inputs is shown. Additional menus allow definition
of the timeout for an FMU invocation and a debug
information logging flag (more information on these is
given in the FMI documentation; MODELISAR 2010)
and FMU outputs. The directives required for FMU
outputs are similar to those for FMU inputs; more
information can be found in documentation distributed
with ESP-r.
Four items of information are required for each linkage
directive: an association with an ESP-r thermal zone, an
ESP-r variable reference, an association with an obFMU
instance, and a variable reference for obFMU. These
linkage directives define associations between entities
and data in ESP-r and obFMU.
For example, consider the first 3 entries. The three inputs
are, respectively, ambient dry bulb temperature (notated
by a zone number of 0), zone dry bulb temperature, and
zone illumination. These are all associated with a single
obFMU instance called ‘Unit_f’. The FMU variable
names associate these variables with the appropriate data
for this instance in obFMU; these variable names are
defined within the FMU. These linkage directives
represent data describing the environment required by
behaviour models in obFMU. Similarly, directives for
FMU outputs represent data returned from the behaviour
models describing occupant actions. In this case, outdoor
temperature, indoor temperature and zone illuminance are
transferred to obFMU from ESP-r. obFMU then evaluates
the specified behaviour models using these values as
inputs, and returns decisions on occupant actions, which
are imposed on the ongoing ESP-r simulation.
The burden of defining these linkage directives is
currently significant, particularly for large models.
However, there is potential to ease this burden by parsing
some of the obFMU input data and automating some of
the process. For example, rather than requiring the user to
enter an obFMU instance and variable names, these could
be read from the obFMU data files and presented to the
user as a list. This more user-friendly approach is a
planned development of ESP-r.

Running a co-simulation
Case study model

Figure 2: The case study office building.

This section describes the process of co-simulating ESP-r
and obFMU, with the focus on the added burden placed
on the user. To illuminate the issues discussed throughout
this section a case study is used as depicted in Figure 2.
The model has a total floor area of 2,880 m2 and consisted
of 2 floors, each with 4 open-plan office zones, as well as
other auxiliary zones such as bathrooms and stairwells. 3
of the office zones on each floor are occupied during
weekdays from 08:00 to 18:00, though sparsely at
approximately 20 m2 per person. The other office zone on
each floor was completely unoccupied during weekdays.
All office zones had some minimal weekend occupancy.
For brevity, throughout this section results are shown only
for the zone with the worst overheating. Simulations were
conducted with 5-minute time steps over a typical week
in July, using historical average UK climate data. There
was no heating or cooling considered in the model for
these simulations.
This model, in its original form, is available as an
exemplar distributed with ESP-r named ‘office’. For the
present work, a behaviour-enabled version of the model
was created, adapted to co-simulate with obFMU. Also,
some modifications were made to the base case without
behaviour modelling, to ensure consistency between the
two cases wherever possible. For example, standby
lighting gains were removed as obFMU is currently
restricted to on-off control of lights.
The base case used prescribed schedules of casual gains
and a non-stochastic model that opened windows when
the internal temperature rose above 21 C during occupied
hours (a typical BPS modelling approach). For the
behaviour-enabled case, the occupant gains schedule was
replaced with the stochastic occupant presence model of
obFMU, and stochastic models of light switching and
window opening were used.
Configuration
The input data for obFMU is given in two XML files:
obXML.xml and obCoSim.xml. The former comprises
data defining occupants and behaviour models; the latter
defines instance mappings and simulation settings. There
are resources available to assist in generating these files.
The first is a web-based GUI called ‘Occupancy
Simulator’ (Chen et al. 2018). This serves as a standalone
occupancy profile generator but can also provide input
files for obFMU. Both the obCoSim.xml and obXML.xml
files are given from Occupancy Simulator, though only
some data in these files are provided: space definitions,
occupant associations to spaces, movement behaviours
and simulation settings (such as period and time steps) can
be defined in Occupancy Simulator. It remains for the user
to specify remaining data: systems available in spaces,
occupant behaviour models, model associations with
occupants, and space mappings to instances. Occupant
behaviour models can be taken from the second resource,
the library of behaviour models for obFMU described
previously. These can be simply copied and pasted into
the obXML.xml file using a text editor. Other data must
be entered manually.
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Figure 3: Prescribed and stochastic occupant gains
profiles.
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1. create the ESP-r model, ensuring that the prerequisites
for all required obFMU inputs and outputs are
satisfied;
2. generate the obXML and obCoSim files for obFMU,
using the resources mentioned above where possible;
3. define linkage directives for the required inputs and
outputs of obFMU in the ESP-r model.
Overall, the process can take many hours even for
experienced users, particularly for larger models. Future
developments to ESP-r will streamline the process and
reduce this burden to some extent, while developments to
further streamline configuration of obFMU are possible.
Selecting behaviour models
There is little guidance available for selecting and
configuring appropriate behaviour models for a
simulation. This section details the process undertaken for
the case study.
Occupant gains profiles for the base and behaviourenabled cases are shown in Figure 3. For consistency
between the two cases, in generating the stochastic
profiles, usual arrival and departure times were taken
from the prescribed profile (08:00 and 18:00
respectively), though both times were allowed up to 30
minute variation either way.
The lighting gains schedule and window control
algorithm of the base case were replaced with behaviour
models drawn from the downloadable library of models
for obFMU. Three lighting models were investigated;
those of Hunt (1969), Newsham (1994) and Reinhart and
Voss (2003). In all cases it was assumed that the last
occupant leaving each office would turn the lights off.
Two window opening models were investigated; those
from Gunay et al. (2015) based on the work of Yun and

Steemers (2008) and Haldi and Robinson (2009). For light
switching, only Hunt’s model predicted any lights being
turned on, and this was only briefly at the end of some
days as shown in Figure 4 when contrasted with the base
case lighting gains profile. The other models predicted
that no lights would be turned on during the whole period.
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Figure 4: Prescribed and stochastic lighting gains
profiles.
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Whilst Occupancy Simulator and the library of behaviour
models substantially reduce the burden on the user to
prepare obFMU for co-simulation, it remains significant.
Defining information in Occupancy Simulator is not a
trivial task, and entering other data into the obFMU xml
files manually can be a difficult process. The files are very
sensitive to specific keywords and hierarchical
relationships, and even a small typing mistake can cause
fatal errors, often with little error reporting to guide the
user in rectifying the mistake.
Defining the linkage directives in ESP-r, as shown in
Figure 1, is also a non-trivial task. These linkage
directives often require specific elements of an ESP-r
model to be activated in order to function correctly. For
example, the zone illuminance input linkage directive
uses existing ESP-r functionality for defining illuminance
sensors; these sensors must be defined in addition to
defining the linkage directive. Most of the output linkage
directives require particular controls to be activated in an
ESP-r model, to give them an actuation mechanism.
Guidance is given in the documentation distributed with
ESP-r, but many of these requirements could be
automated with further work.
The recommended workflow for setting up a cosimulation with ESP-r and obFMU is as follows:
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Figure 5: Air flow rate through windows,
demonstrating window opening with two different
behaviour models.
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the Haldi and Robinson window opening models, over
five simulations, the average variation in room
temperature was less than 1% and the average variation of
the ventilation load was approximately 4%. Given the
small variations in this case, it is necessary to show only
single sets of results, though further work is needed to
establish whether this is true of a majority of cases.
40
35

Temperature (C)

Conversely, predictions from the two sets of window
opening models were very different, as shown in Figure
5. The Haldi and Robinson models predicted that the
windows were open constantly once occupants first
arrive, including overnight, whereas the Yun and
Steemers models predicted that the windows were opened
only occasionally, and only for short periods of time. The
non-stochastic algorithm of the base case dictated that
windows were open during all occupied hours.
Clearly, simulation predictions can be strongly affected
by the choice of behaviour models. It would be useful
therefore for further work to assess the accuracy and
applicability of available behaviour models for a variety
of cases, to guide the application of modelling tools such
as obFMU.
Simulation and results extraction
The procedure for commencing a co-simulation with
obFMU is no different from running any other simulation
in ESP-r. If the two modules have been set up correctly,
ESP-r will invoke obFMU automatically as required
during the simulation. This is a key feature in the context
of automating performance assessments: ESP-r offers a
command-line interface whereby user interaction is not
required to control the path of a simulation, and this is
maintained when co-simulating with obFMU.
Extracting results from an ESP-r simulation is similarly
unchanged by co-simulation because of the
characterisation of the obFMU outputs using existing
concepts in ESP-r. For example, casual heat gains will
automatically reflect occupant presence and light
switching due to occupant behaviour evaluated by
obFMU. No additional effort is therefore required of the
user to appreciate the impact of occupant behaviour.
The extra computational burden of initialising obFMU
and running behaviour models at each time step can be
substantial in a relative sense, though this is not likely to
be significant in practical terms. For example, for the case
study model, simulation time with obFMU was
approximately 3 times that without. This is a substantial
rise in relative terms, but in absolute terms this
represented a rise from about 8 seconds to about 26
seconds; clearly the simulation time remains trivial. Even
for large models that may take many minutes or hours to
simulate, a commensurate rise in simulation time is not
likely to impact a practical design process. In the future,
there may be specialised edge cases whereby the rise in
simulation time becomes significant, for example realtime simulation-based control, or high resolution estate
modelling. However, in the usual course of building
simulation, the additional computational burden of
obFMU is trivial.
It is important to note that the use of stochastic occupant
behaviour models renders the simulation predictions
stochastic: two simulations under identical conditions will
typically give rise to dissimilar results. This implies that
multiple simulations may be required to yield a robust
picture of building performance. The sensitivity of the
results to the added stochasticity was explored for the
behaviour-enabled case: using Hunt’s lighting model and
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Figure 6: Room and ambient temperatures with
different behaviour models.
Figure 6 shows room temperature in the case study model,
for the base case and the behaviour-enabled case with
both the Haldi and Robinson and Yun and Steemers
models, as well as ambient temperature. It can be seen that
for the base case, temperature rises to around 30 C for the
first three days, around 32 C on the fourth day, and around
35 C on the fifth day. Clearly, the conclusion here is that
the room overheats severely. For the behaviour enabled
case, with the Yun and Steemers models this overheating
is reduced marginally. Peak temperature on the fifth day
is reduced by approximately 2 C, though temperature
reductions on other days are small. With the Haldi and
Robinson models, peak temperatures are consistently
reduced by at least 2 C, with a reduction of about 3 C on
the fifth day. The greatly reduced lighting gains as shown
in Figure 4 will contribute significantly to the reduction
in overheating for the behaviour-enabled case, but the
additional reduction with the Haldi and Robinson models
is due to night cooling from the windows being left open
overnight.
A number of useful conclusions may be drawn from these
results. First, lighting behaviour models consistently
suggested that natural light entering the zone is sufficient
to meet occupants’ illumination needs, and the lack of
gains from electric lighting has significant impacts on
overheating. Second, if the windows are left open
overnight, overheating may be further reduced.
By enabling the behaviour models, these solutions
emerged from the simulation without being actively
sought. This suggests a potential time saving for the
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designer by reducing the amount of investigation needed
to arrive at such solutions. However in the present case,
the simulation time of the model was negligible, and it is
likely that a skilled designer would arrive at these
conclusions in less time than the additional time required
to enable co-simulation. In this sense, the value of cosimulation for the present case is marginal, though we
expect that the process of enabling behaviour modelling
will be streamlined with future developments, which will
address this issue.
Use of behaviour models from the literature, with wellreported verification and validation, lends a greater
element of defensibility to simulation predictions than is
achieved with arbitrary set points. However, the
difference in predictions from two different sets of
window opening behaviour models was striking. There is
a variety of models available for each different aspect of
occupant behaviour, and little guidance available for
selecting from these. Alongside efforts to gather and
centralise occupant behaviour models, such as obFMU,
such guidance would be a useful development.
These issues largely remain to be investigated for
behaviour modelling in BPS, and further work is needed
to address these uncertainties before behaviour modelling
can be widely applied with confidence and clarity.

should be continually expanded, though guidance for the
application of currently available models is arguably a
more pressing concern.
The capabilities of the obXML schema, and hence
obFMU, must keep pace with the evolving state-of-the-art
of occupant behaviour modelling in general. As new
behaviour models are developed, the modelling
framework of obFMU must be enhanced to accommodate
their inputs and outputs. This issue is evident even now
with some current models, for example the lighting
control algorithm Lightswitch 2002 of Reinhart (2004)
makes use of a duration of occupancy metric, which is
currently not available in obFMU. This restricts
implementation of Lightswitch 2002 in obFMU. Further
developments to obFMU such as provision for data
exchange with the master at a system level, as well as a
zone level, may also be useful.

Conclusions

Belafi Z., Hong T. and Reith A. (2016). A library of
building occupant behaviour models represented in a
standardised schema. Proceedings from the Fourth
European Conference on Behaviour and Energy
Efficiency. Coimbra, Portugal.

It is the opinion of the authors that obFMU provides a
convenient means of implementing occupant behaviour
modelling functionality in BPS programs, and uptake of
the tool would contribute towards enhancing and
harmonising occupant behaviour modelling in BPS. This
paper has given guidance on the practicalities of such
developments based on experiences with the
implementation of co-simulation with ESP-r.
This being said, challenges remain for applying obFMU
in practice. Behaviour models are generally empirical,
and their applicability is dependent on the context from
which the experimental data was drawn. The differences
in context may extend beyond the obvious, including
factors such as group dynamics and work culture. At
present, such issues are not well understood, and certainly
not obvious to the layman. Yan et al. (2015) have
emphasised the need to agree a framework for data
gathering and model generation. IEA Annex 66 has made
progress towards this goal (Wagner et al. 2018) and
follow-on activities may be expected to bring about
further refinements.
Behaviour models can remove assumptions in building
modelling, but for the case study presented herein it was
concluded that the enhancement added little value to the
simulation in comparison to the effort required to enable
it. Development to streamline the process of enabling
behaviour modelling will address this issue. Wherever
possible, the burden of data input on the user should be
minimised. This requires effort on the part of BPS
program developers to make the interface with obFMU
user-friendly, and also continued development to obFMU
and related resources, such as Occupancy Simulator. In
particular, the library of behaviour models for obFMU
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Abstract
The stochastic nature of the human-building interaction is
an established key driver of uncertainty when it comes to
the prediction of energy consumptions in buildings. To
retrieve behaviour-related data on a large scale, and to
avoid the setup of complex in-field monitoring strategies,
survey-based investigations can be a useful tool to obtain
information directly from the occupants and to profile
occupancy patterns as well as energy-related daily
activities in households. This paper presents a selection of
outcomes of a survey-based investigation aimed at
exploring (i) temperature preferences based on different
household characteristics and (ii) daily energy-related
activity and occupancy profiles in the context of
residential buildings in Northern Italy.

Introduction
The way occupants exercise control over the indoor
environment in order to meet their individual comfort
criteria contributes to a large share of uncertainty when
predicting building energy use and thermal comfort
conditions (Masoso and Grobler, 2010; Janda, 2011).
Understanding and modelling the human-building
interaction, such as the regulation of heating/cooling set
points, lighting levels, windows and sunscreens, or other
installed HVAC systems and building envelope features,
has become a pivotal task in the current research body
(Yan et al., 2015). Also, occupancy patterns and
occupants’ energy-related daily activities evidently shape
the timing and the magnitude of building energy use
throughout the day. To estimate building energy use more
accurately, it is crucial to understand how the users
occupy the building, which daily energy-related activities
they perform, how they set their comfort criteria, and
consequently how they interact with the building system
controls and envelope. When it is not possible to monitor
the user behaviour on site and create sophisticated
behavioural models, questionnaires and self-reporting are
powerful tools to retrieve behavioural insights. In this
context, diary-based surveys on how occupants spend
their time during the day can help to shape occupancy
profiles and their activities throughout the day. Indeed, as
stated by Schipper et al. (1989), to gain a deeper
understanding about the impact of different lifestyles on
energy use, it is necessary to understand
interdependencies between time use and energy
consumption. At national level, a large number of
countries have developed Time Use Surveys (TUS) in

order to “measure how people spend their time”. Initially,
the aim of these surveys was to answer research questions
related to social aspects, work, and economics. However,
in recent years, TUS-based data has also become a source
for analysing and modelling energy-related occupant
behaviour, such as occupancy patterns (Richardson et al.,
2008; Tanimoto et al., 2008; Aerts et al., 2014; Buttitta et
al., 2017), daily energy-related activities (Wilke et al.,
2013; Torriti, 2017), and related load profiles (Widén et
al., 2009; Fischer et al., 2015). As regards the profiling of
occupancy patterns, a lot of work has been done in the
international context, while the number of Italian ad-hoc
references, especially in the residential sector, is still
limited. In this context, this paper is aimed at contributing
to gain a deeper knowledge on occupant behaviour in the
Italian residential context by providing survey-based
information on time use, motivational drivers and
occupancy from over 300 respondents in Northern Italy.
In detail, the aim of this study is to investigate the humanbuilding interaction in North Italian households, with
particular focus on heating control and temperature
preferences. The survey-based investigation furthermore
allows for profiling daily energy-related activities and
occupancy patterns, which can be used for further
implementation in building energy simulation programs
in the Italian context.

Methodology
Survey framework
This section describes the survey framework used for this
study aimed at gaining insights on occupant behaviour in
North-Italian residential dwellings. Nowadays, with
common Internet access through various types of digital
devices, online surveys allow for optimizing time
requirements of traditional paper surveys, as well as
retrieving large-scale databases with limited costs. For
this reason, the survey framework was implemented
within an online open source platform, LimeSurvey
(www.limesurvey.org), and could be accessed through
any personal smart device (i.e. smartphones, tablets or
computers). The link to the online survey was
disseminated through Social Media channels (i.e.
Facebook) and e-mail invitations during summer period,
between 15th July 2018 to 5th August 2018. The survey
was available in two languages: English and Italian. The
survey structure was based on the framework developed
by Barthelmes et al. (2018a; 2018b) aimed at gathering
information on the human-building interaction and time
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use in 47 Danish dwellings. The survey framework was
adapted to the goals of the present study and the final
online version consisted of 49 main questions (varying
among open, multiple choice, and continuous 5-points or
7-points Likert scale questions), divided into seven
sections aiming at investigating the following aspects:
1. Individual comfort attitudes and preferences: this
section was aimed at investigating individual
preferences of the occupants regarding their control
over the indoor environment, as well as personal
comfort attitudes.
2. Individual characteristics: this section was aimed at
gathering general information on the respondents (i.e.
age, gender, residence, ownership of domestic
animals and smoking habits), since different existing
studies (Wei et al., 2014) have shown that occupants’
characteristics
significantly
influence
their
perceptions of the indoor environment and their
comfort attitudes.
3. Social factors: this section consisted in a set of
questions investigating respondents’ education,
occupation, income, household/family composition,
children presence, own contribution to family’s
energy bills, interaction with the main building
control systems (i.e. thermostat, windows, lighting
systems and electrical equipment).
4. Dwelling characteristics: this section was aimed at
exploring building and service characteristics, such
as the period of construction, year of refurbishment
(if applicable), dwelling type, floor area, ownership,
types of heating/cooling systems, possible presence
of mechanical ventilation and renewable energy
technologies, number and type of main energyintensive appliances (i.e. dishwasher, electric kitchen
devices, washing machine, etc.). This information is
important since building characteristics greatly
influence dwellings energy performance (Ballarini et
al., 2014).
5. Perceived control and psychological factors: this
section was aimed at gaining insights on respondents’
interactions with the building systems and envelope
(i.e. thermostat regulation, operation of windows and
shading devices). In particular, this section addressed
users’ satisfaction with the installed control options
and their knowledge to operate them. Moreover, the
respondents were asked to indicate their level or
frequency of interaction with each of the control
opportunities.
6. Motivations and habits related to window control
behaviour: in this section, respondents were asked to
provide information on the motivations and habits for
opening/closing windows (i.e. after shower, when
cooking, etc.).
7. Daily activities and time use: performed at home
during the last 24 hours. This section will be further
explored in “Activity and occupancy profiling”.
The complete survey can be viewed in Penkala (2018).
The survey link was opened 896 times during the
submission period and it was compiled 611 times (476 of
total survey questionnaires received were fully

completed). For the analysis, only completed
questionnaires were taken into account. Moreover, as the
aim of the study was to gain insights into the humanbuilding interaction in the particular context of Northern
Italy, respondents coming from other parts of Italy or
from abroad (totally 23 respondents) were also excluded.
Figure 1 depicts the percentage distribution of the
respondents’ age ranges. It is noticeable that the highest
rate of respondents was between 13 and 29; this limited
demographic spectrum is probably one of the main
drawbacks of online surveys, since participants are most
likely young people, as they are more familiar with use of
Internet and Social Media. For this reason, it is worth
noting that this study is based on responses by a limited
range of population, between 13-59 years old (453
respondents). Among this range, 57% of respondents was
male and 43% female.

Figure 1: Percentage distribution of the respondents’
age ranges.
It has to be noted that this paper focuses on section 3, 4
and 7 of the survey framework since the outcomes of these
sections are relevant to the investigation of temperature
preferences based on different household characteristics,
and the profiling of daily energy-related activities and
occupancy patterns.
Exploration of temperature setting preferences (i)
Temperature settings have an important impact not only
on energy consumption, but also on occupants’ wellbeing and health. The basic standard of warmth in indoor
environment recommended for winter by the World
Health Organization (WHO, 1987) for a healthy and welldressed person is 18°C, while temperature among 18°C
and 21°C are considered comfortable. Instead,
temperatures lower than 12°C and higher than 24°C
during the winter season may cause health problems
(cardiovascular risk) (WHO, 1987). Besides that, surely,
non-adequate temperature levels affect energy
consumptions and economics (energy bills). Preliminary
survey results highlighted that occupants’ preferences for
indoor environmental temperature settings may vary
significantly from person to person and may depend on
many driving forces, such as social drivers (i.e. household
income, children presence), physiological drivers (i.e. age
of the occupant) or building characteristics (i.e. floor area,
configuration of heating system). In this regard, an
analysis on temperature preferences was conducted with
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respect to different household characteristics, such as
floor area, income, and family composition, in order to
evaluate the relation between temperature settings and
different socio-economic driving forces. To do this, in the
survey, respondents were asked to indicate their
preferences in terms of thermostat settings for space
heating.
Exploration of activity and occupancy profiling (ii)
As mentioned previously, occupants’ daily activities and
occupancy patterns in the building have an important
impact on energy consumption. Gaining a more precise
picture on energy-related activities and occupancy in
specific contexts (e.g. North Italian dwellings) might
allow for developing ad-hoc and context-specific input for
building energy simulations. Therefore, the last part of the
survey was designed to investigate daily activity profiles
of the respondents, asking them to report the activities
done over the last 24 hours. In particular, 10 energyrelated activities were defined (see Table 1), and
respondents were asked to indicate the performed activity
every 15 minutes, from 4.00 am of the day before to 4.00
am of the current day. The proposed activities were based
on a clustered set of activities proposed by Barthelmes et
al. (2018b). All the activities performed outside the
building should be indicated in category 9, “Not at home”.
Based on the respondents’ answers, it was possible to
define average daily activity profiles. Furthermore, the
definition of the category “Not at home”, allowed for
profiling typical occupancy patterns depicting the
probability of the occupants of being at home at different
hours of the day during weekdays and weekends.
Table 1: Selection of energy-related activities
(Barthelmes et al., 2018b).
No.
1
2
3
4
5
6
7
8
9
10

Activities
Sleeping
Toilette
Eating
Cooking/Washing dishes
Cleaning/Washing clothes
Practical Work
Family care/Free time
Relaxing/TV/IT
Not at home
Other

Results
Preferences for temperature settings (i)
In winter, the most frequent temperature range indicated
by the respondents was between 19°C and 21°C (Figure
2), showing an average temperature among the
respondents of 20.6°C. However, the outcomes of the
survey highlighted that a significant portion of occupants
tend to overheat their dwellings during winter, since
almost 25% of respondents usually set temperatures
above 22°C.
It was furthermore possible to link the preferences in
temperature settings to a series of household and building
characteristics, such as the number of occupants, the
presence of children, the income, the typology of heating
system and the ownership. The temperature settings

distribution in function of some of these parameters is
presented in Figure 3.

Figure 2: Thermostat set-point during winter season.

Figure 3: Thermostat set-point distribution in function of
different driving forces.
In particular, the results show that the regulation of the
temperature set-point usually increases with the number
of household members (in orange), with a +0.7°C
difference between households with one member and
those with four. In the case of presence of children (in
grey), instead, it appeared that the average temperature
set-point in dwellings with children was significantly
higher (average temperature of 21.5°C), compared to
dwellings without children (20.4°C). Buildings floor area
does not strongly affect results, showing a 0.6°C variation
among the different floor area ranges. Among economical
drivers, income was selected as the most significant one;
energy costs represent an important expense in Italy,
where a typical family spends around 1600 €/year in
average (1790 €/year in North-West, according to last
census data in 2013 (ISTAT, 2013). Several researchers
have found that households with lower income tend to use
less energy for keeping warm in winter (Hunt and
Gidman, 1982). This trend was confirmed in this study, as
results have shown that the temperature set-point
significantly increases in line with the occupants’ income
(in blue), varying even up to +2.1°C. Partially related to
that, the survey permits to explore the relation between
the ownership and the temperature preferences,
displaying that typically occupants renting the dwellings
(35% of total respondents) tend to set higher set-points,
showing a deviation between rented and owned dwellings
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of approximately 0.5°C. Finally, in order to investigate
the effect of heating system typology on temperature setpoints, it was found that centrally-heated houses appeared
to have higher temperature settings (with an average
difference of 0.4°C with respect to autonomous heating
system). Moreover, 22% of respondents who lived in
dwellings with central heating system affirmed not to be
aware of the temperature set-point inside their house, or
not to have a thermostat to control temperature. In Figure
4, it is possible to observe which driving forces are
causing highest variations in terms of temperature
settings; in particular, income appears to be the most
influencing factor among those analysed, followed by the
presence of children inside the building. Conversely,
number of occupants and floor area generates little
temperature variations.

Figure 4: Thermostat set-point variation in function of
different driving forces.
Daily activity and occupancy profiling (ii)
Daily activity profiles were built according to section 7 of
the survey, based on respondents’ reports on the activities
performed over the last 24 hours, among a set of 10
predefined activities. According to the date of attendance
of the survey, responses were divided to obtain answers
of both weekdays and weekends, allowing shaping two
profiles (Figure 5 and 6, for weekdays and weekends,
respectively), to show the influence of the day of the week
on energy-related activities and occupancy profiles. In
relation to weekdays, Figure 5 shows that respondents are
not at home for a significant portion of the day. Indeed, it
is possible to note that most of the respondents are not at
home during working hours in the morning (9 am – 1 pm)
and in the afternoon (2 pm – 6:30 pm), and that many
respondents come back for lunch (between 1 and 2 pm),
when it is possible to foresee a peak of occupancy. Tied
to this, there are two evident peaks for the “eating”
activity (light grey) during lunch (around 1:30 pm) and
dinner time (around 8:30 pm), the latter done concurrently
with the “relaxing/TV/IT” (brown) activity, performed
mostly during evening hours. As for the weekend profile
(Figure 6), clearly respondents spend more time at home
comparing to weekdays. The highest percentage of people
who is not at home (around 40 % of respondents) was

noticed at 11:30 am and in the afternoon hours, from 3:30
pm to 7:00 pm. The duration of the “sleeping” activity
(light blue) is slightly longer than during the weekdays.
Moreover, during the weekends the occupants seem to
spend more time on “family care/free time” activity (dark
blue), showing the highest peak in the afternoon, from
3:30 pm to 5:30 pm. During weekends, occupants spend
on average more time on activities as “cooking/washing
dishes” (yellow), “cleaning/washing clothes” (blue) and
“practical work” (green), with respect to weekdays;
however, among the respondents, these activities are
fairly spread out in time, not underlining any preferable
time. Finally, similarly to weekdays, the average profile
shows two significant peaks for the “eating” activity, for
lunchtime (from 12:30 am to 2:30 pm) and dinner (7:30
pm to 9:30 pm), showing nevertheless that the percentage
of respondents at home during these peaks is higher
compared to the weekdays average profile. From Figures
5 and 6, it was possible to define the average time the
respondents spent on the 10 energy-related activities
during weekdays and weekends, reported in Figure 7.

Figure 7: Daily time spent on the activities during
weekends and weekdays (summer period).
Key results can be summarised as follows:






longer sleeping times during weekends (8h 16m)
with respect to weekdays (7h 17min);
longer occupancy presence during weekends
(18h 2min) with respect to weekdays (16h 25
min);
more time spent for family care/free time during
the weekends (1h 55min) than during the
weekdays (1h 15min);
slightly longer time spent on cooking/washing
dishes and eating activities during the weekends
comparing to weekdays;
No significant difference between weekdays and
weekends for other activities.
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Figure 5: Daily activity profiles for weekdays (summer period).

Figure 6: Daily activity profiles for weekends (summer period).
From the daily activity profiles built based on
respondents’ preferences, it was possible to define typical
occupancy profiles, presented in Figure 8, which shows

the percentage of respondents at home, both for weekdays
(grey) and weekends (green).
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Figure 8: Occupancy profiles during weekdays and
weekends.
Figure 8 highlights that the average weekday profile
presents a smoother pattern with respect to the weekend
profile, showing a soft peak at lunchtime and a higher one
at dinnertime, when most respondents is at home. During
the weekend, instead, the percentage of occupancy seems
to be higher along most of the time; however, this pattern
shows higher fluctuations, especially in late afternoon and
evening. The two profiles almost match in late hours of
the day. It is important to note that, these patterns derive
from answers from respondents, mainly young people and
students, partially explaining the instability of the
weekend profile. Moreover, more surveys were filled
during weekdays, and for this reason, the averaging
procedure for obtaining the profiles provided more stable
results.

Discussions
In order to test the applicability of the survey results as
tailored input for energy simulation tools, the obtained
profiles of energy-intensive activities were compared
with typical Italian hourly mean load profiles, while
occupancy schedules were verified with ones present in
literature. In particular, based on the general daily activity
profiles presented in Figures 5 and 6, it was possible to
extrapolate daily profiles of the more-energy intensive
activities
(“cooking/washing
dishes”
and
“relaxing/TV/IT”). In line with the study of Barthelmes et
al. (2018b), Figure 9 depicts the comparison between the
percentage of occupants performing “cooking/washing
dishes” activity during weekdays and weekends and the
hourly mean profile extrapolated from Capozzoli et al.
(2017), which can be considered representative for Italian
households (black for weekdays and grey for weekends).
The hourly mean profile shows a two-peak pattern, one in
the morning and the other at dinnertime. The same
analysis was developed for the activity “relaxing/TV/IT”,
in Figure 10. Both figures show how “cooking/washing
dishes” and “relaxing/TV/IT” activities are in line with
the typical Italian hourly electricity profile and they
appear to confirm that the typical profiles of such energyrelated activities could be related to typical Italian
electricity loads of residential buildings. Indeed, the two
typical peaks of the electricity pattern of a typical Italian
dwelling correspond to the ones of the survey-based
profiles of Figures 9 and 10.

Figure 9: Comparison between “cooking/washing
dishes” activity profile and hourly mean load profile
(Capozzoli et al., 2017).

Figure 10: Comparison between “relaxing/TV/IT”
activity profile and hourly mean load profile (Capozzoli
et al., 2017).
As pointed out previously, Time Use Surveys can be a
useful source for retrieving information on typical
occupants’ behaviours, which can be implemented in
building energy simulation software (i.e. EnergyPlus)
towards reducing the gap between simulated and real
consumptions. During the simulation process, oftentimes,
occupancy profiles are inserted in the form of predefined
and fixed schedules. The U.S. Department of Energy
(DOE) provides examples of such schedules for
occupancy, lighting and electrical equipment uses,
heating or cooling set-points, etc. For this reason, the
occupancy profiles obtained from the survey results were
compared with a DOE occupancy schedule developed for
a mid-rise apartment house and valid for all days (both
weekdays and weekends) (US DOE).

Figure 11: Comparison between DOE schedule and
survey-based occupancy profile.
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Figure 11 shows that the survey-based profiles resemble
the DOE ones (grey bars), even though some
discrepancies can be observed, probably due to the
cultural differences related to the diverse geographical
context of analysis. In particular, the DOE schedule does
not consider the peak during lunchtime, being flatter
between 10 am and 4 pm; evening peak is clear in both
profiles, as well as night behaviour. The identified
differences depict the needs for more appropriate profiles
for residential buildings in Italy that, to the best
knowledge of authors, are still missing.
However, it has to be noted that the data underlying these
survey-based profiles relied for a large extent on
responses from occupants (see Figure 1) younger than the
average of the Italian population, which ages between 35
and 65 (ISTAT, 2018). The study therefore surely needs
to be extended to a larger sample size, which can be
considered more representative for the entire (North-)
Italian population. It could also be interesting to link the
temperature preferences, besides the other driving forces
addressed in this paper (Figures 3 and 4), for example, to
age, building thermal properties and location (difference
between rural and city regions), asking specific questions
to respondents. Moreover, it has to be noted that the
survey was filled during the summer period, and thus the
obtained daily activity and occupancy profiles can be
considered representative for this period of the year.
These profiles might change during winter months, due to
the diverse habits and behaviours occupants could have in
relation to the set of energy-related activities (i.e. higher
time spent at home). Future work will consist in the
survey submission during winter period, in order to
compare the obtained profiles. If possible, also different
Italian geographical zones should be included in the
analysis, to compare occupant behaviour and temperature
preferences in relation to climatic zones.
Despite the limitations, the information gathered with
time use investigations is fundamental for simulations.
With the help of occupancy information, indeed, the
planning of energy demands of buildings, as well as
operational energy consumption can improve. Apart from
input to energy simulation tools, survey-based
information might also be integrated with Building
Automation and Control Systems (BACS). Building
automation could help decreasing buildings energy
demand by balancing energy losses, internal gains and
energy needs, with particular regard to the optimization of
the balance between heating and cooling needs and
providing an effective control of lighting, heating,
ventilation and air conditioning systems, which is
essential to guarantee a healthy, safe working and
productive indoor environment. Moreover, these systems
may have a significant impact also on the comfort of
occupants, and they could be the answer to an energyintensive occupant behaviour, helping in increasing
people awareness. Related to this, survey results on
controls and habits - not presented in this paper - showed
that a significant portion of people is not aware on the
influence they can have on energy consumptions. 60% of
respondents stated that they open the window even if the

heating system is on, and, among people with mechanical
ventilation systems installed, approximately 72% open
windows while ventilation is active. For this reason, and
mainly with the introduction of the smart building concept
(European Commission, 2018), recent research is focused
on limiting occupancy effect on energy consumptions. A
possible solution in this sense could be the use of Time
Use Surveys for linking occupancy information with
BACS. Building automation systems can be managed
with the introduction of predetermined schedules, to take
into account occupancy patterns in the systems control
logics. For instance, only when the time range
corresponds with the predefined schedules, an action is
implemented by the building systems (i.e. switch on the
light, turn on the heating system, etc.). With the use of the
time use based investigation, as presented in the paper, it
is possible to obtain occupancy profiles (Figure 8) or
sleeping schedules (from Figures 5 and 6) for both
weekdays and weekends. In this regard, thanks to the
survey-based schedules, it could be possible to develop
control logics, not just focused on the energy savings, but
also on occupants’ preferences and habits. In particular,
as depicted in Figure 12, survey results could be used as
input for optimization strategies of building automation
systems, in order to reduce the number of sensors to be
installed within buildings and use adaptive and userdefined schedules at once.

Figure 12: Example of highly automated control logic
for indoor temperature, in winter season.
Future work is needed to further investigate the
integration of survey-based schedules and building
automation control logics, in appropriate modelling
framework, in order to validate the positive effect that the
knowledge of occupancy profiles can have on reducing
energy consumptions and increasing occupants’
satisfaction within the building.
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Conclusion
For investigating the human-building interaction in the
Italian residential context, a questionnaire survey was
conducted in north-Italian dwellings at the beginning of
summer 2018. The survey framework included questions
about individual preferences for indoor environmental
conditions, individual characteristics of the occupants (i.e.
age, gender), social factors (i.e. education, job category,
and household income), dwelling characteristics, and
occupant interaction with the building systems and with
windows. Furthermore, in order to shape energy-related
activities, the respondents were asked to report their
activities performed at home during the last full day,
choosing for every 15-minutes intervals among the
proposed activities. This study provided insights on
heating control and temperature preferences of the
residents. Daily energy-related daily activities and
occupancy patterns were profiled as preliminary input for
building simulation programs, as well as optimization
strategies for building automation control.
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Abstract
This study compares the linear regression model, ordered
probability model, and multinomial logit model for
prediction of the individual thermal sensation votes
(TSVs) and TSV distributions under given conditions. A
thermal comfort dataset from “Pakistan project” was used
to develop and evaluate the models. The predictive
capability of the three models were systematically
evaluated and compared. The results showed that the
ordered probability model and the multinomial logit
model correctly predicted around 50% of the individual
TSVs, whereas the accuracy of the linear regression
model was only around 40%. In addition, the chi-square
statistics show that the ordered probability model and the
multinomial logit model better predicted the TSV
distributions than the linear regression model.

Introduction
Indoor thermal comfort is strongly associated with the
productivity and well-being (Lan et al., 2011) of the
occupants. To maintain a thermally comfortable
environment, a large amount of energy is needed for
heating and air-conditioning in both residential and
commercial buildings (Yang et al., 2014). Therefore,
numerous studies have been conducted to explain indoor
thermal comfort (Takasu et al., 2017; Martinez-Molina et
al., 2017). Appropriate and effective thermal comfort
models are in great need for the design of thermally
comfortable spaces (Holmes and Hacker, 2007).
The most widely used indicator of occupants’ thermal
comfort is thermal sensation, which is represented by
several ordered categorical responses (ASHRAE, 2009).
Many thermal comfort models were developed by
correlating thermal sensation with some variables. For
instance, the predicted mean vote (PMV) model (Fanger,
1972), which has been extensively used for indoor
environments, correlates the human body’s thermal load
with the mean thermal sensation of a group of occupants.
However, large discrepancies were found between PMV
and actual thermal sensation in previous field studies in
different regions (van Hoof, 2008; de Dear et al., 1998b).
Thus, to address local variations, linear regression models
(Han et al., 2007; Givoni et al., 2003; Nikolopoulou, 2004)
were developed by fitting thermal sensation with
environmental and individual parameters. Except for
linear regression models, researchers have also used other
advanced statistical models, such as decision tree (Choi

and Yeom, 2017) and support vector machine (SVM) (Dai
et al., 2017), to fit the thermal sensation data.
Due to individual differences, occupants can experience
different thermal sensations, even in the same thermal
environment (Wang et al., 2018). Such variation indicates
that the thermal comfort for a group of people is actually
a distribution instead of a single value (Coley et al., 2017).
Therefore, it is worthwhile to develop advanced models
that can predict the probability distribution of thermal
comfort. Fanger (1972) proposed the predicted percentage
of dissatisfied (PPD) model to consider differences in
potential individual thermal comfort. However, the PPD
model can only determine the percentage of people who
feel that they are outside their comfortable range (i.e.,
slightly cool, neutral, and slightly warm). Although linear
regression models are able to predict the distribution of
thermal sensation, to our best knowledge, its accuracy has
not been well examined. Also, the linear regression
models treated categorical thermal sensations as
continuous data, which may result in a large error. Thus,
more advanced models are needed to comprehensively
describe the distribution of thermal sensations.
This study presents two advanced models, the ordered
probability model and multinomial logit model, to predict
the distribution of thermal comfort. Both models have
been widely used in economic studies when the
distribution information is to be modeled. It is worthwhile
to evaluate their performances in prediction the
distribution of thermal sensation. Traditional linear
regression models were also developed to serve as the
comparison baseline. A thermal comfort dataset taken
from an indoor thermal comfort survey conducted in
Pakistan was used to develop and evaluate the models.
The predictive capability of these three models was
systematically evaluated and compared to identify the
best one for predicting the distribution of thermal comfort.

Methods
This section first presents the linear regression model, the
ordered probability model, and the multinomial logit
model. The thermal comfort databases used to develop the
models are then briefly introduced.
Linear regression model
The linear regression model has been widely used in
thermal comfort studies (de Dear et al., 1998b; Han et al.,
2007; Givoni et al., 2003; Nikolopoulou, 2004). Therefore,
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this study used it as the baseline model, which can be
described as:
(1)
 = + x
where  is the mean of thermal sensation vote (TSV). In
this study, the American Society of Heating, Refrigerating,
and Air-conditioning Engineers (ASHRAE) seven-point
thermal sensations (−3 = cold, −2 = cool, −1 = slightly
cool, 0 = neutral, 1 = slightly warm, 2 = warm, and 3 =
hot) were adopted. x is the explanatory variable,  is the
coefficient corresponds to x, and  is the intercept.
Through least-squares regression, the coefficients  and 
can be estimated. Apart from the mean value , the
standard deviation  was calculated as:
n

=

 (Y − Y )
i =1

i

i

2

where Yi and Y i are the observed and predicted TSV for
observation i, respectively, and n is the total number of
observations.
With the mean , standard deviation , and the normal
distribution assumption for the predicted outcomes, the
probabilities for different categories of TSV can be
obtained via:
((  + 2.5) /  )

P(Y = j ) = ((  − j − 0.5) /  ) − ((  − j + 0.5) /  )
1 − ((  − 2.5) /  )


if j = −3
if j = −2 to 2

(3)

if j = 3

where j represents each specific TSV (j from −3 to 3), and
 is the cumulative distribution function of the standard
normal distribution. The probabilities in Eq. (3) imply an
assumption that the predicted TSV follows the rule
defined in Eq. (4):
−3

Y =j
3


if   −2.5
if j − 0.5    j + 0.5,

for j = −2 to 2

P(Y = j ) =

3

 exp( j +  j x)

j = −3, ... ,3

j =−3

(2)

n−2

category to the next. Thirdly, the regression coefficient, β,
is the same for each category Y. Therefore, with one
explanatory variable, the ordered probability model fits 6
+ 1 = 7 parameters compared with the two parameters for
the linear regression model.
Multinomial logit model
The multinomial logit model can also be used to predict
the probability distribution of TSVs (Agresti, 2007;
Washington et al., 2010; Hausman and McFadden, 1984).
According to Agresti (2007) (page 180, Eq. 6.3), the
probability for thermal sensation category j in the
multinomial logit model is calculated as:
exp( j +  j x)
(6)

(4)

if   2.5

Ordered probability model
The ordered probability model predicts the probability
distribution of TSVs (Agresti, 2007; Washington et al.,
2010; McKelvey and Zavoina, 1975; Lai et al., 2018; Lim
et al., 2018). According to Agresti (2007) (page 180, Eq.
6.4), the logit transformation of the probability that Y at
or falls below a particular category j can be calculated by
the following expression:
(5)
logit [ P(Y  j )] =  j +  x, for j = −3 to 2
For various category j, the constant terms j are different,
but the coefficient  is the same. The j and  are
estimated via the maximum likelihood estimation (MLE)
method. Please note Eq. (5) did not specify P(Y ≤ 3)
because it simply equals 1. The probability for each level
of thermal sensation can be calculated by Eq. (5).
The ordered probability model has several key features.
Firstly, the outcome Y is treated as an ordinal variable.
Secondly, for each value of Y, the linear predictor has a
specific intercept term, which represents the different
thresholds of thermal sensation for going from one TSV

Note that in the multinomial logit model, the constant
terms and coefficient terms are different for categories −3
to 3. Similar to the ordered probability model, these
constants and coefficient terms were also estimated by
MLE method.
Compared with the ordered probability model, in the
multinomial logit model, the linear predictor not only has
a separate intercept but also has a separate slope for each
outcome Y category. Therefore, with one explanatory
variable, there are 6 + 6 = 12 parameters fitted for the
multinomial logit model. Note that there is no implied
ordering of the categories.
To make the model descriptions simpler and clearer, Eqs.
(1), (4), and (6) used only one explanatory variable, but
the models can be easily extended to include multiple
predictor variables. All three models were developed
using the commercial statistical software NLOGIT 6
(Greene, 2002).
Case descriptions
This study used the database from the “Pakistan project”
(Nicol and Roaf, 1996) to develop the three models for
prediction of indoor thermal comfort. The data were
collected under a wide range of environmental conditions
indoors. The full range of thermal sensation responses
make the dataset suitable for model performance
evaluation. The field survey was conducted in July 1993
and January 1994 in five cities in Pakistan, namely
Karachi, Peshawar, Quetta, Saidu, and Multan. In each
city, five local people were recruited. Each subject carried
a portable data logger that recorded the air temperature,
globe temperature, relative humidity, and air velocity
every 5 minutes over a period of 1 week. During the test
period, each subject took the questionnaire survey every
hour when he or she was awake. The questions included
the seven-point thermal sensations, clothing, and activity.
All of the measurements and the survey were conducted
in naturally ventilated buildings. More details regarding
the field survey can be found in Nicol and Roaf (1996).
The data were downloaded from the ASHRAE RP-884
adaptive model project database (de Dear, 1998a).
Because the observations in Multan were in summer only,
this study excluded the Multan data to avoid potential
skewed results. Since the surveys were conducted
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repeatedly on a small number of subjects, to reduce the
time series effects, this study selected only two
observations per day to develop and validate the proposed
models. The observations during 9:00 to 10:00 and 15:00
to 16:00 were used as the training dataset, and those from
12:00 to 13:00 and 18:00 to 19:00 were used to form the
validation dataset. The training and validation datasets
included 456 and 462 observations, respectively. The
training dataset was used to develop the three models. The
developed models were then used to predict the TSVs
using the predictor variables of the observations in the
validation dataset. The predicted TSVs were then
compared with the observed TSVs in the validation
dataset to validate the models.
This study selected four predictor variables, including air
temperature (Ta), water vapor pressure (Pw), metabolic
rate of the activity (Mact), and the clothing insulation (Icl),
for the model development. These four variables were
included as they are important factors of thermal
sensation and can be measured or estimated easily in real
applications. Although in naturally ventilated buildings,
radiation and wind speed are also important factors
influencing thermal sensation, these two parameters are
relatively hard to obtain compared with Ta, Pw, Icl, and
Mact. Thus, this study did not include radiation and wind
speed in the model estimation. Table 1 descriptively
summarizes the variables in the training and validation
datasets for the indoor thermal comfort case. The datasets
included a wide range of air temperature from 7.7 to
39.4 °C. Water vapor pressure also had a wide range
(mean, 1.4 kPa; standard deviation (SD), 0.8 kPa). These
wide ranges of the environmental parameters led to a wide
range of clothing insulation values, from 0.3 to 2.2 clo.
Metabolic heat generation ranged from 0.6 to 1.9 met,
which corresponded to the metabolic heat generation of
reclining and walking according to the ASHRAE
handbook (ASHRAE, 2009). It can be seen from Table 1
that the distributions of Ta, Pw, Mact, and Icl in the training
and validation dataset were similar.
Table 1: Summary of the predictor variables in the
training and validation datasets.
Training dataset
Variable

Ta

(oC)

Mean
(std.)

Min./

Validation dataset
Min./

Max.

Mean
(std.)

24.0 (7.2)

7.7/39.4

24.4 (7.1)

8.4/37.8

Max.

Pw (kPa)

1.4 (0.8)

0.2/4.5

1.4 (0.8)

0.2/3.5

Mact (met)

1.2 (0.4)

0.6/1.9

1.2 (0.4)

0.6/1.9

Icl (clo)

1.1 (0.4)

0.4/2.2

1.1 (0.4)

0.3/2.2

Number of
obs.

456

462

Evaluation criteria
The three models will first be evaluated in terms of
predicting individual TSVs (point predictions) for the
validation datasets. For the linear regression model, Eq.
(4) was used to calculate the individual TSVs. For the
ordered probability and multinomial logit models, this
study considered the predicted individual TSV as the

category that corresponded to the highest probability.
This study used the percentage of correct predictions to
assess the accuracy of the models in predicting the
individual TSV for each observation. The percentage of
correct predictions was simply calculated by the number
of correct predictions over the number of total
observations.
This study will then evaluate the three models in terms of
predicting TSV distributions under given conditions.
After the three models were developed, several subsets of
data with different temperature levels were selected from
the validation database. For example, three subsets with
the temperature levels of 12.1±0.6, 19.4±0.8, and
30.1±0.5 oC (mean ± standard deviation), respectively,
were selected. There were 46, 50, and 73 observations,
respectively, in the three subsets. The probabilities for
each of the seven TSVs were then calculated from the
models using the mean value of the observed air
temperatures in the subset of data. The calculated TSV
distributions under the given temperature levels were
compared with the actual vote distributions (transformed
to percentages) among the observations in the
corresponding subsets of data. For the evaluation of
accuracy in the distribution predictions, this study used
the chi-square test from Press et al. (2007) (page 622, Eq.
14.3.2) to examine the level of closeness between the
actual distribution and the predicted distribution. The chisquare statistic, 2, was calculated by:

2 =

3

( R j − S j )2

j =−3

Rj + S j



(7)

where Rj and Sj are the predicted and the actual numbers
of votes for thermal sensation j from −3 to 3, respectively.
A smaller chi-square value indicates a better match
between the predicted and actual TSV distribution.

Results
This section first presents the development of the linear
regression model, ordered probability model, and
multinomial logit model using the training dataset. The
developed models were then used to predict the TSVs in
the validation dataset. The predicted results were
compared with the observed TSVs to examine how well
the models can predict new cases.
In the first stage, we used only the air temperature as the
predictor variable to develop the models. That was to
make the description of the models, the presentation of the
results, and the comparisons between models simpler. In
the second stage, four variables were included in the
models to examine the improvement in model predictive
capability.
Model development
For the indoor case, this study first developed a linear
regression model as the baseline by using only Ta as the
single predictor variable. Table 2 summarizes the
estimated coefficients  and , their standard errors, and
p-values. The model shows that the increase in Ta led to
an increase in TSV. Despite of only using Ta as the
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predictor variable, the developed linear regression model
had a moderate R2 value of 0.548.
Table 2: Summary of the linear regression model.
Coefficients

Estimated
value

Standard
error

p value



−3.768

0.162

0.000



0.155

0.006

0.000

Residual standard deviation

1.001

Residual degrees of freedom

454

R2

0.548

The ordered probability model was developed with Ta as
the predictor variable. The coefficients and the thresholds
 with their standard errors and p-values were presented
in Table 3. The log-likelihood was –574.
Table 3: Summary of the ordered probability model.
Coefficients

Estimated
value

Standard
error

p value



−0.307

0.013

0.000

−

3.420

0.310

0.000

−

4.569

0.131

0.000

 -1

5.462

0.140

0.000

0

8.888

0.141

0.000

1

10.462

0.154

0.000

2

12.056

0.251

0.000

Log-likelihood

−574.001

The coefficients in the multinomial logit model for the
indoor thermal comfort case were presented in Table 4.
Again, the model used only the Ta as the predictor variable.
Most of the coefficients had a p value smaller than 0.05.
It is worth noting that the values of the variable
coefficients for warmer thermal sensations were generally
larger than those for cooler thermal sensations. For
example, the coefficients of Ta were −0.026, 0.139, 0.308,
0.549, 0.833, and 0.990 for cool, slightly cool, neutral,
slightly warm, warm, and hot, respectively. As a result,
when the air temperature rose, the “warmer” functions
increased faster than the “cooler” ones, leading to an
increase in the probability of “warmer” thermal sensations.
Table 4: Summary of multinomial logit model.
Coefficients

Estimated value

Standard
error

p
value

−

27.046

3.432

0.000

−

27.316

3.442

0.000

−

−0.026

0.050

0.604

−

24.504

3.418

0.000

−

0.139

0.046

0.003



22.503

3.347

0.000



0.308

0.042

0.000



15.130

3.289

0.000



0.549

0.058

0.000



5.872

3.168

0.064



0.833

0.087

0.000



0.990

0.114

0.000

Log-likelihood

−565.791

Comparison of the model predictive capability
In this subsection, the three developed models were used
to predict the TSVs for the validation dataset. The
predicted TSVs were then compared with the observed
TSVs to examine the model performances of predicting
new cases.
The predicted TSVs were first compared with the
observed TSVs to examine how well the models predict
new cases. The confusion matrices shown in Tables 5 to
7 were generated to demonstrate the accuracy of the
models in predicting individual TSVs in the validation
dataset. The most frequently occurred TSV in the survey
was neutral (n = 192). The ordered probability model and
multinomial model were able to correctly predict 153 and
155 of the neutral votes, while the linear regression model
only had 81 correct predictions. It can also be seen from
the confusion matrices that the ordered probability and
multinomial models were better than the linear regression
model in predicting the extreme TSV such as “cold” and
“hot”. Table 5 shows that the linear regression model
never predicted a TSV of −3 or of 3 even though there
were 40 observed TSV of −3 and 27 of observed TSV of
3. Interestingly, Tables 6 and 7 shows that both the
ordered probability and multinomial models never
predicted a TSV of −1, while there were 43 observed TSV
of −1.
Table 5: Confusion matrix of the predicted TSVs from
the developed linear regression model v.s. the observed
TSVs in the validation dataset.
Survey

Predicted

TSV

−3

−2

−1

0

1

2

3

Total

−3

0

0

0

0

0

0

0

0

−2

17

28

12

5

0

0

0

62

−1

17

7

9

50

3

0

0

86

0

5

1

21

81

19

10

1

138

1

1

1

1

55

49

25

19

151

2

0

0

0

1

7

10

7

25

3

0

0

0

0

0

0

0

0

Total

40

37

43

192

78

45

27

462
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Predicted

−3

−2

−1

0

1

2

3

Total

−3

17

27

11

2

0

0

0

57

−2

0

1

1

3

0

0

0

5

−1

0

0

0

0

0

0

0

0

0

22

8

30

153

44

14

8

279

1

1

1

1

33

27

21

12

96

2

0

0

0

1

7

9

6

23

3

0

0

0

0

0

1

1

2

Total

40

37

43

192

78

45

27

462

Table 7: Confusion matrix of the predicted TSVs from
the developed multinomial logit model v.s. the observed
TSVs in the validation dataset.
Survey

Predicted

TSV

−3

−2

−1

0

1

2

3

Total

−3

16

26

11

4

0

0

0

57

−2

1

2

1

1

0

0

0

5

−1

0

0

0

0

0

0

0

0

0

22

8

30

155

45

14

8

282

1

1

1

1

28

25

14

9

79

2

0

0

0

4

8

16

8

36

3

0

0

0

0

0

1

2

3

Total

40

37

43

192

78

45

27

462

By summarizing the information from the confusion
matrices, the absolute error distributions for the three
models were calculated and presented in Figure 1. The
percentages of correct predictions of ordered probability
and multinomial logit models were 45% and 47%,
respectively, while that of the linear regression model was
39%. Again, the ordered probability and multinomial logit
models were more accurate than the linear regression
model in predicting individual TSVs for new cases.

Percentage of votes

Survey
TSV

In addition to individual TSVs, this study also assessed
the accuracy of the three models in predicting TSV
distribution under given conditions. Three scenarios with
the air temperature levels at 12.1±0.6, 19.4±0.8, and
30.1±0.5 °C (mean ± standard deviation), respectively,
were selected from the validation dataset. The three
scenarios had 46, 50, and 73 observations, respectively.
The probabilities for each of the seven TSVs were
calculated from the models using the mean value of the
observed air temperatures for each scenario and compared
with the actual vote percentage distributions. For the first
scenario presented in Figure 2(a), the actual TSV
distribution was concentrated on the “cold”, “cool”, and
“slightly cool” categories. However, the predicted
distributions by the three models had larger variances than
the actual situation. For the second and third scenarios in
Figure 2(b) and Figure 2(c), respectively, the ordered
probability and multinomial logit model clearly provided
better predictions of the TSV distribution than the linear
regression model. This was also quantitatively reflected
in the chi-square values summarized in Table 8. The chisquare statistics for the linear regression model in the
second and third scenario and were 25.9 and 10.9,
respectively, while the other two models had chi-square
values of around 5.

Percentage of votes

Table 6: Confusion matrix of the predicted TSVs from
the developed ordered probability model v.s. the
observed TSVs in the validation dataset.

Linear
OP
ML

50%
Percentage of votes

Percentage of votes

60%

40%
30%

20%

80%

(a) T a,mean=12.1 oC, T a,std=0.6K, n=46

60%
Field survey
Linear
OP
ML

40%

20%
0%
80%
60%

(b) T a,mean=19.4 oC,
T a,std=0.8K, n=50
Field survey
Linear
OP
ML

40%

20%
0%
80%

(c) T a,mean=30.1 oC, T a,std=0.5K, n=73

60%

Field survey
Linear
OP
ML

40%

20%
0%

-3

10%
0%

0

±1

±2
±3
±4
Error (TSV unit)

±5

±6

Figure 1: Comparisons of the distribution of the
absolute error between the surveyed and predicted
individual TSVs by the developed linear regression
(Linear), ordered probability (OP), and multinomial
logit (ML) models for the validation dataset.

-2
-1
0
1
2
Thermal Sensation Vote (TSV)

3

Figure 2: Comparisons between the surveyed and
predicted TSV distribution by the developed linear
regression (Linear), ordered probability (OP), and
multinomial logit (ML) models in the three scenarios for
indoor validation dataset: (a) Ta = 12.1 °C; (b) Ta =
19.4 °C; and (c) Ta = 30.1 °C.
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Table 8. Chi-square statistics of the developed linear
regression, ordered probability, and multinomial logit
models for predicting the TSV distributions in the indoor
validation dataset.

Table 9: Chi-square statistics of the developed fourvariable linear regression, ordered probability, and
multinomial logit models for predicting the TSV
distributions in the validation dataset.

Scenarios

Linear
regression

Ordered
probability

Multinomial
logit

Scenarios

Linear
regression

Ordered
probability

Multinomial
logit

(a)

6.8

10.8

8.2

(a)

6.6

10.7

8.3

(b)

25.9

5.9

4.3

(b)

25.4

5.7

3.7

(c)

10.9

4.7

5.4

(c)

11.0

4.8

6.5

Four variable models
To examine the effect of more predictor variables on the
model fitting and predictive capability, this study
developed models based on the training dataset by using
air temperature, water vapor pressure, metabolic rate, and
clothing insulation as predictor variables. Due to the
limited space, the four variable models were not presented
in this paper. The variance inflation factor (VIF) was used
to examine the level of multicollinearity in the fourvariable models. The VIFs were all less than 1.6,
indicating an acceptable level of multicollinearity. The
model performances of the four-variable models were
compared with those of one-variable models.
This study examined how well the developed models
predict the TSVs for new cases in the validation dataset.
Figure 3 shows the percentages of correct predictions
from the three four-variable models in predicting
individual TSVs. Table 9 lists the chi-square statistics of
the four-variable models for predicting the TSV
distributions in indoor validation dataset. Both
comparisons show no significant improvements in the
model accuracy in the linear regression and ordered
probability models. For the multinomial logit model, the
percentage of correct prediction was improved by 8%.
Percentage of correct prediction

60%
50%

One variable
Four variables

40%

30%
20%

10%
0%

Linear

OP

ML

Figure 3: Comparison of the percentages of correct
predictions from the one-variable and four-variable
models for the validation dataset in the thermal comfort
case (Linear: linear regression model; OP: ordered
probability model; ML: multinomial logit model).

Discussion
The results in this study show that the ordered probability
and multinomial logit models were 10% more accurate
than the linear regression model in predicting the
individual TSVs. The results also show that the ordered
probability and multinomial models had much lower chisquare values than that of the linear regression model.
Thus, the two models gave more precise TSV distribution
predictions than the linear regression model. Interestingly,
the multinomial logit model was slightly more accurate
than the ordered probability model in predicting
individual TSVs. However, the ordered probability model
was slightly more accurate than the multinomial logit
model in predicting TSV distributions under given
conditions.
Thermal sensation has orders, that is, from cold (−3) to
hot (3). The ordered probability model treats the TSV as
an ordered categorical variable. The probabilities for each
possible TSV value are specified by areas under a logistic
curve. Furthermore, the thresholds for each categorical
TSV defining those areas are estimated from the data
along with the regression coefficients. However, for the
linear regression model, the thresholds for each
categorical TSV are fixed and equally spaced. Thus, the
probabilities are only adjustable by varying the regression
coefficients and the error standard deviation. That was
one of the reasons why the ordered probability model
fitted the data better than the linear regression model.
Different from the ordered probability model, the
multinomial logit model treats all thermal sensations
equally without considering their ordered properties. This
model is effectively a set of separate binary regression
models. Each separate regression model is fitted to each
categorical TSV value regarded as a binary variable.
Therefore, the equation system in the multinomial logit
model is more complex than that of the ordered
probability model. Each thermal sensation has its own
function with different combinations of variables and
coefficients in the multinomial logit model. This may be
the reason why the multinomial logit model performed
better than the ordered probability model in predicting
individual TSVs. However, the extra order information in
the ordered probability model may be the reason why the
ordered probability model performed better than the
multinomial logit model in terms of TSV distribution
prediction.
It is worthy of note that the developed ordered probability
model and multinomial logit model cannot be applied
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outside the scope in which the data were collected. In
contrast, physiological models, such as the predicted
mean vote (PMV) (Fanger, 1972), are usually considered
as universally applicable. However, the development of
these physiological models still uses linear regressions in
some steps because thermal sensations cannot be
described using a purely physical model. If these linear
regressions can be replaced by ordered probability or
multinomial logit regressions, then the new physiological
models may be more realistic and informative because
they take advantage of both the physical derivation
approach and the advanced probability-based statistical
approach. Furthermore, this study randomly split the data
into training and validation sets. However, for the
Pakistan data, different times of days were used for the
training and validation datasets. As the subjects’ thermal
sensations might change systematically with time, the
random splitting method may lead to certain levels of
errors. This issue deserves further investigation in the
future. In addition, it is also worthwhile to include
interaction terms, such as a combination of clothing and
activity, in the models to improve the model fitting and
predictive capability in future studies. As a normal
practice in literature (Washington et al., 2010), the
ordered probability model and multinomial model regard
the category with the highest probability as the predicted
thermal sensation in point estimation. However, it is hard
to ascertain such assumption, especially if the largest
probability is not very large. Finally, in addition to the
methods introduced in this paper, another way of
predicting the thermal sensation distribution is through
the Monte Carlo method, if the distribution of the
predictor variables is available.
This study extended the model from one predictor to four
predictors. Although the accuracy improvement was
limited, the four variable model may provide additional
benefits. For example, with more predictors, it may be
possible to create a model with good prediction accuracy
from a smaller dataset.

Conclusions
This study systematically compared the linear regression
model, the ordered probability model, and the
multinomial logit model for predicting the distribution of
thermal comfort. The data from an indoor thermal comfort
survey in Pakistan was used for the model development
and evaluation. Within the scope of this study, the
following conclusions can be drawn:
⚫ The ordered probability and multinomial logit
models were 10% more accurate than the linear
regression model in predicting individual TSVs.
⚫ Based on the quantitative chi-square comparison, the
ordered probability and multinomial logit models
were more accurate than the linear regression model
in predicting TSV distributions under given
conditions.
⚫ The multinomial logit model was slightly more
accurate than the ordered probability model in
predicting individual TSVs.

⚫

The ordered probability model was slightly more
accurate than the multinomial logit model in
predicting TSV distributions under given conditions.
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Considering Occupant Behaviour in Building Energy Simulations along the Design Process:
From a Semi-dynamic to a Dynamic Model
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Abstract
To reach the target of nearly Zero Energy Buildings
(nZEBs), considering occupant behaviour is essential
from the early design stage. This study proposes a design
support tool for architects, which includes flexible and
straightforward occupant behaviour modelling from the
pre-design stage onwards. The tool uses a semi-dynamic
model. The proposed tool can automatically export
building characteristics and occupant behaviour to
dynamic modelling for a more detailed assessment further
on in the design process. The strength of the tool is its
capacity of allowing a fast and consistent estimation with
simple inputs of occupant behaviour. The tool is
developed for Belgium, but the approach is valid for
broader contexts.

Introduction
As the building sector has been well-known as a key
sector to contribute to climate change (Boermans et al.
2011), the 2010 European Directive on the Energy
Performance of Buildings Directive (EPBD) requires EU
members to improve the energy efficiency of new
buildings to achieve the target of nearly Zero Energy
Buildings (nZEBs) by 2020 (EPBD recast 2010). Choices
in the early design stage play a major role in the energy
performance of buildings. Especially for small scale
projects architects lack specialist’s supports due to
financial and time constraints.
Not only building design but also occupant behaviour
influences energy consumption. Considering both aspects
from the early design phase has a high impact on energy
efficiency (Kohler and Moffatt 2003). In addition, as
nowadays buildings are well insulated, the relative
importance of occupant behaviour is increasing. The wellknown gap between the predicted and actual performance
of energy efficient buildings is partially caused by the lack
of considering user patterns (Hauge et al. 2011). Building
simulation tools used during the early design phase
usually assume default values for occupant behaviour, not
reflecting potential varieties (Yan et al. 2015).
This paper proposes a decision support tool for architects
to design energy efficient residential buildings, including
a variety of occupant behaviour situations. This tool is
based on a semi-dynamic model and links to a dynamic
model for more consistent simulations via EnergyPlus.
The tool tries to solve the problem of communication
between all stakeholders by visualisation of ideas and

simulation results (Attia et al. 2012; Miyamoto et al.
2015).
This paper is organised into five sections. The semidynamic estimation method and occupant behaviour
modelling are described in section 2. Linking the tool to a
dynamic model is demonstrated in section 3. The case
study including the comparison between the proposed
method and Energyplus simulation is described in section
4. Finally, conclusions are provided in section 5.

Semi-dynamic model
Dynamic Equivalent Heating Degree Day (dEHDD)
method for prediction of annual energy demand
The proposed tool uses a refinement of the Equivalent
Heating Degree Days (EHDD) method (Miyamoto et al.
2015). The Heating Degree Days (HDD) method predicts
the yearly required energy for heating based on the
number of days with a difference between the daily
average outdoor and indoor temperature.

Figure 1: Representation of dEHDD for the temperate climate
in Belgium and two different occupant behaviour profiles

The EHDD takes into account the free solar and internal
heat gains in a static way by a fixed reduction of the HDD
method (Diensten voor de programmatie van het
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wetenschapsbeleid 1984). In the dEHDD method, this
reduction is calculated month by month for a better
approximation of the solar gains and internal gains. As
occupant behaviour and the resulting internal heat gains
are the focus of this study, solar gains will be kept
constant.
The outdoor temperature (Te) is obtained via linear
regression of monthly temperature during autumn, winter
and spring in the Test Reference Year (Carlo Joyce
Correna Roberto Lamberts 2005).
The approach can be represented in a graphical way
(Fig.1) with horizontally the number of days of the
heating season and vertically the temperature. Based on
the HDD method, the heating season starts and stops
when the outdoor temperature (T e) is lower or higher than
15°C (TNH: temperature of no more heating). In this study,
solar gains are considered constant during the heating
season. Depending on the losses via transmission and
ventilation, the increase of the temperature by the heat
gains (ΔTsum) can be calculated:
𝛥𝑇𝑠𝑢𝑚 =

𝛷𝑔,𝑠𝑢𝑚

(1)

ℎ𝑇 + ℎ 𝑉

ℎ 𝑇 = 𝐸 × 𝑈𝑚
ℎ𝑉 = 𝑉 × 𝐴𝐶𝐻 × 𝛽 × 𝜌 × 𝐶𝑝 ×

(2)
1
3600

(3)

With
- Φg, sum: average heat gain rate (W)
- E: envelope surface (m2)
- Um: average heat transfer coefficient (W/m2K)
- V: building volume (m3)
- ACH: air change per hour (1/h)
- β: volumetric coefficient (= 0.95 m3/m3)
- ρ: density of air (= 1.29 kg/m3)
- Cp: specific heat capacity of air (= 1006 J/kgK)
TNH is calculated, considering the impact of the
temperature setpoint (ΔTset), internal gains from
appliances (ΔTapp) and occupants (ΔTper). The second
temperature line (TWH) is the increased indoor
temperature, resulting from solar gains (ΔT sun) when the
building is not heated and not occupied. The number of
dEHDDs is represented by the blue area in Fig.1.
Based on the dEHDD, annual energy demand per floor
area (QE) is calculated (Miyamoto et al. 2015):
𝑄𝐸 = 𝐻𝑡 + 𝐻𝑣
(4)
𝐻𝑡 =
𝐻𝑣 =
With
-

ℎ𝑇 ×𝑑𝐸𝐻𝐷𝐷×24×3600
3600×1000×𝐴𝑓
ℎ𝑉 ×𝑑𝐸𝐻𝐷𝐷×24
3600×1000×𝐴𝑓

(5)
(6)

QE: annual energy demand per floor area
(kWh/m2year)
Ht: annual transmission heat loss per floor area
(kWh/m2year)
Hv: annual ventilation heat loss per floor area
(kWh/m2year)

-

dEHDD: dynamic Equivalent Heating Degree
Days (dayK/year)

Occupant behaviour modelling
Based on the dEHDD method, input parameters related
to occupant behaviour are classified into four categories:
(1) Temperature set-point (2) Occupancy and activity
level (3) Usage of appliances and lighting and (4)
Ventilation strategy. Simplified and user-friendly inputs
are introduced in this model to describe occupant
behaviour.
Set-point temperature
This early design tool considers one temperature (Tseason)
for the whole zone. In most Belgian houses, only some
spaces are heated. Non-heated spaces receive heat from
heated rooms. For the heated spaces, comfort is only
required for specific periods of the day depending on the
inhabitant’s way of life. When the heating is off, space
cools down depending on the insulation level, ventilation
level, thermal capacity and remaining gains.
The tool requires the following inputs: (a) for both
weekdays and weekend, indication of the hours when
heating is required and desired temperature during these
hours (non-grey cells, line by Tcom in Fig.2) and (b) the
percentage of heated floor area over the total floor area
(R) (Fig.2). The seasonal average zone temperature
(Tseason) is calculated based on the following hypotheses.


The hourly average temperature in the heated area
(Th) is equal to the comfort set-point temperature
(Tcom) during the heating “on”. If the heating is “off”
(Toff), the temperature will typically drop in winter.
𝑇𝑐𝑜𝑚
𝑇ℎ = { 𝑇
(7)
𝑜𝑓𝑓
The average temperature in this “off” period depends
on the balance between heat gains (by people,
appliances and solar) and losses (transmission and
ventilation) and the thermal capacity. In this study, a
constant average thermal capacity is considered.
Hence for a fixed volume, Toff is predicted by
following linear-regression based on results of a
dynamic simulation: (Eq.(8)).
𝑇𝑜𝑓𝑓 = (−2.47 × 𝐴𝐶𝐻) − (0.28 × 𝑖) + (0.015 ×
𝑄𝑖 ) − (0.20 × 𝑛) − (3.76 × 𝑈𝑚) + 23.94
(8)
Where
i: number of heating interruptions per day
Qi: total heat gains (W)
n: non-heating hours per day (h)
This regression is built based on 288 combinations
consisting of (1) three occupant schemes (family,
elderly and young) regarding set-point temperature
(Fig.3) and activity (Fig.6), (2) three values of ACH
(0.26, 0.49 and 0.73 (1/h)) (3) 16 U-values ranging
from 0.35 to 0.88 W/m²K. Heat gains by people and
appliances and ventilation rate are described in the
following sections.
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Weekend
Setpoint temperature
1
Set-point temperature (Tcom)
off
Temp average heating area (Th)
19.8
Temp average non heated area (Tnon) 11.9
Zone internal temperature (Tzone)
15.8

2

3

4

5

6

7

8

9

WD
10

18.5 °C
11
12

2
13

10.4 w/m2fl
16
17
18

19

20

21

22

23

24

off

off

off

off

off

21

21

21

21

21

21

21

Total gains
14
15
21

21

21

21

21

21

21

21

21

21

off

19.8
11.9
15.8

19.8
11.9
15.8

19.8
11.9
15.8

19.8
11.9
15.8

19.8
11.9
15.8

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

21.0
12.3
16.7

19.8
11.9
15.8

2
off
18.5
11.5
15.0

3
off
18.5
11.5
15.0

4
off
18.5
11.5
15.0

5
off
18.5
11.5
15.0

6
21
21.0
12.3
16.7

7
21
21.0
12.3
16.7

8
21
21.0
12.3
16.7

9
off
18.5
11.5
15.0

10
off
18.5
11.5
15.0

11
off
18.5
11.5
15.0

12
21
21.0
12.3
16.7

13
21
21.0
12.3
16.7

14
off
18.5
11.5
15.0

15
off
18.5
11.5
15.0

16
21
21.0
12.3
16.7

17
21
21.0
12.3
16.7

18
21
21.0
12.3
16.7

19
21
21.0
12.3
16.7

20
21
21.0
12.3
16.7

21
21
21.0
12.3
16.7

22
21
21.0
12.3
16.7

23
off
18.5
11.5
15.0

24
off
18.5
11.5
15.0

%Area
50%

avrg

50%
16.4

Weekdays
weekdays
1
Set-point temperature (Tcom)
off
Temp average heating area (Th)
18.5
Temp average non heated area (Tnon) 11.5
Zone internal temperature (Tzone)
15.0
Seasonal
Internal temperature
weekend
weekday

1
15.8
15.0

2
15.8
15.0

3
15.8
15.0

4
15.8
15.0

5
15.8
15.0

6
15.8
16.7

7
16.7
16.7

8
16.7
16.7

9
16.7
15.0

10
16.7
15.0

11
16.7
15.0

12
16.7
16.7

13
16.7
16.7

14
16.7
15.0

15
16.7
15.0

16
16.7
16.7

17
16.7
16.7

18
16.7
16.7

19
16.7
16.7

20
16.7
16.7

21
16.7
16.7

22
16.7
16.7

23
16.7
15.0

24
15.8
15.0

%Area
50%

avrg

50%
15.8
heated
avrg

16.4
15.8

days

2
5
16.0

Figure 2: The input and output parameters for set-point temperature schedules

Figure 3: Set-point temperature and heating-off schedule of three schemes for regression and case study



The weighted average determines the daily internal
temperature (Tzone) over heated (Th) and non-heated
(Tnon) floor area (Eq.10)
24

𝑇𝑧𝑜𝑛𝑒 =

∑ℎ=1(𝑇ℎ ×𝑅)+{𝑇𝑛𝑜𝑛 ×(1−𝑅)}
24

(10)

where R is the heated floor area as % of total floor
area.


The seasonal internal temperature (T season) is the
calculated average of Tzone (2/7 weekend, 5/7
weekday) (Eq.11).
𝑇𝑠𝑒𝑎𝑠𝑜𝑛 =

Figure 4: Probability plot of Toff between semi-dynamic model
and E+ simulation

Figure 4 shows the comparison between T off
predicted by the proposed model and results of
Energyplus simulations for newly generated
combinations to test the regression function.
The average temperature in the non-heated area (Tnon)
is defined as follow:
𝑇𝑛𝑜𝑛 = 𝑇𝑜 +

𝑇ℎ −𝑇𝑜
3

(9)

Where To is average outside temperature during the
heating season. To is based on the TRY (Carlo Joyce
Correna Roberto Lamberts 2005).

𝑇𝑧𝑜𝑛𝑒(𝑤𝑒𝑒𝑘𝑑𝑎𝑦) ×5+𝑇𝑧𝑜𝑛𝑒(𝑤𝑒𝑒𝑘𝑒𝑛𝑑) ×2
7

(11)

Occupancy and human activity
The occupant’s body exchanges heat via convection,
radiation, conduction, breathing, evaporation and
sweating. Internal gains by people depend on his/her
activity level (MET) and body surface (A). The activity
level MET is the correction factor compared to “quietly
sitting”, which generates 58.15 W/m2 per average body
surface (1.8m2 for an adult) (ASHRAE Standing Standard
Project Committee 2008). Thus, internal gains by people
(ΦP) are calculated by Eq. (12).
𝛷𝑃 = 𝑀𝐸𝑇 × 58.15 × 𝐴 × 𝑝
(12)
With
- p: number of inhabitants (p)
The tool requires to select an occupancy and activity level
over 24 hours for both of a weekday and weekend (nongrey cells in Fig.5). Five activity levels are predefined to
describe daily life in a dwelling (Table1). Based on this
schedule, the average daily internal gains by the
occupant(s) (ΦP) are calculated. Figure 5 shows the daily
occupancy and activity schedule. Average ΦP can be
based on predefined schedules or can be case specific.
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Weekend
Internal gain by People

1

Activity
W/person

2

3

4

5

6

2
13

Total gains
14
15

12.0 w/m2fl
16
17
18

22

23

24

Seated

sleep

sleep

73.3 177.9 177.9 209.3 209.3 209.3 209.3 177.9 177.9 177.9 177.9 209.3 209.3 177.9 177.9 125.6 125.6 73.3

73.3

sleep

sleep

sleep

sleep

73.3

73.3

73.3

73.3

73.3

9

18.5 °C
11
12

21

sleep

8

WD
10

Seated

sleep

7

19

20

light
light Medium Medium Medium Medium light
light
light
light Medium Medium light
light
activity activity activity activity activity activity activity activity activity activity activity activity activity activity

avrg/h W/m²fl

146.5

2.93

Weekdays
Internal gain by People
Activity
W/person

1

2

3

4

5

6

9

10

11

12

13

14

15

16

17

sleep

sleep

sleep

sleep

sleep

sleep

light
light
activity activity

7

8

away

away

away

away

away

away

away

away

away

18

19

20

21

73.3

73.3

73.3

73.3

73.3

73.3 177.9 177.9

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

1
73.3
73.3

2
73.3
73.3

3
73.3
73.3

4
73.3
73.3

5
73.3
73.3

6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
73.3 177.9 177.9 209.3 209.3 209.3 209.3 177.9 177.9 177.9 177.9 209.3 209.3 177.9 177.9 125.6 125.6 73.3 73.3
73.3 177.9 177.9 0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0 209.3 177.9 177.9 177.9 125.6 125.6 73.3

light
light
light
Medium
activity activity activity activity

22

23

24

Seated

Seated

sleep

209.3 177.9 177.9 177.9 125.6 125.6 73.3

avrg/h W/m²fl

77.6

1.55

Seasonal
Internal gain by People
weekend
weekday

Daily
avrg

days

146.5
77.6
97.32

2
5
1.9

Figure 5: The input and output parameters for occupant activity schedules

Figure 6: Occupant activity schedule of three example schemes for regression and case study
Table 1: List of human activity and metabolic rate

sleep
MET
W/person

0.7
73

seated
light activity
1.2
1.7
126
178

medium
activity
2
209

hard activity
3
314

Usage of appliances and lighting
In this study the most common appliances in households
in Europe, such as domestic cooling appliances (fridge,
freezer or combination of both), domestic laundry
(washing machine and tumble dryer), domestic lighting,
consumer electronics and small household equipment, are
modelled (Department for Environment, Food and Rural
Affairs 2009). The energy consumption by these
appliances is determined by the electric power of each
appliance and their total time in use. These days, for each
type of appliance, various choices for energy efficiency
are available on the market. In order to provide userfriendly input, the electric consumption power of each has
to be selected from the classes A+++ to D which are
elaborated based on the European Energy Label and real
product data in the European market (Tompros et al.
2009). Time in use obviously depends on the individual
lifestyle and the number of people who use the item,
taking into account the simultaneous use of certain
appliances by more than one person. Table 2 presents the
consumption power of each appliance and the required
input for the time in use.
The average heat gain of the heated zone by an appliance
(ΦA) is given as follows:
1000
𝛷𝐴 = 𝑢𝐴 × 𝑙𝐴 × 𝑓𝐴 × 𝑄𝐴 ×
(13)
24×365
1,
𝑖𝑛𝑠𝑡𝑎𝑙𝑙𝑒𝑑 𝑖𝑛 𝑎 𝑑𝑤𝑒𝑙𝑙𝑖𝑛𝑔
𝑢𝐴 = {
0,
𝑛𝑜𝑡 𝑖𝑛𝑠𝑡𝑎𝑙𝑙𝑒𝑑 𝑖𝑛 𝑎 𝑑𝑤𝑒𝑙𝑙𝑖𝑛𝑔

1,
𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝑖𝑛 ℎ𝑒𝑎𝑡𝑒𝑑 𝑧𝑜𝑛𝑒
𝑙𝐴 = {
0,
𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝑖𝑛 𝑛𝑜𝑛 − ℎ𝑒𝑎𝑡𝑒𝑑 𝑧𝑜𝑛𝑒
With
- ΦA: average heat gain rate (W)
- fA: fraction of consumed energy dissipated to the
environment as heat (%) (shown in Table 3)
(Passive House Institute 2015)
- QA: consumed energy per year (kWh/year)
Table 2: List of consumption power levels and input for
time in use of each appliance
Appliances

Consumption power

time in use

Fridge

A+++ to D (kWh/year)

24 hours/day

Freezer

A+++ to D (kWh/year)

24 hours/day

Combination

A+++ to D (kWh/year)

24 hours/day

Washing
machine

A+++ to D
(kWh/cycle)

cycle per week per
person (cwp)

Tumble
dryer

A+++ to D
(kWh/cycle)

cycle per week per
person (cwp)

Dish washer

A+++ to D
(kWh/cycle)

cycle per week per
person (cwp)

Cooking
hubs

Type of hubs
(kWh/hour)

hour per week per
person (hwp)

Light

Average power (W)

hour per day per person
(hdp)

Electronics

130W

1.5 hour per day person

Household
Equipment

50kWh/year

-

Figure 7 shows the input and output parameters for the
calculation of the internal heat gains by electric
appliances and lights. Input parameters (non-grey
background in Fig.7) are: installed or not, located in a
heated area or non-heated area, equipment class (A+++ to
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Area
People

100 m2
2 persons
Refrigerating appliances

Fridge
Installation or not
installed
Location: heated or non-heated area
heated area
Type
Energy consumption (lavel or kWh/year)
A++
kWh/cycle or hour
spin speed (rpm)
residual moisture per rmd
correction for energy consumption
kwh/cycle(corrected)
kg
W
number of light
% of CFLs
% of LED
hour/person/day
cycle(hours for cooking)/person/week
h/person/year
kWh/year
92.37
Design Level of appliance(W)
10.54
% heat gain
100%
internal gain (W)
10.54
% energy consumption
% internal gain

Laundry

Freezer

Combination

washing
machine

spin dry
process

tumble
dryer

installed

not installed

installed

installed

installed

heated area

heated area

heated area

heated area

heated area

A+

-

A

Condenser

-

-

A+++
0.65
6

346.00
39.50
100%
39.50

4%
6%

0.00
0.00
100%
0.00

17%
23%

6

0%
0%

Electoronic

installed

heated area

heated area

heated area

heated area

Condenser

B
1.29
-

Electronic hob

6

3
156.43
1150.69

0.25
-

3
156.43
403.59
1290.00
30%
13.82

0%
0.00

25%
24%

0%

Light

installed

3
156.43
512.66
1638.65
70%
40.97

10%
4%

Dishwasher Cooking hobs
installed

A+
1.64
6

800-1000
68%
0.975

3
156.43
203.36
650.00
30%
6.96

energy by
evaporation

56%
0%

6
312.86
156.43
250.00
50%
8.93

20%
8%

27
5
30%
40%
1
4
365
96.73
132.50
100%
11.04

8%
5%

Household
equipment

auxiliary
Power

Total

50

130

1.5
547.50
142.35
16.25
100%
16.25

5%
7%

100.00
11.42
100%
11.42

7%
10%

2053.48 kwh/year

10.00

5%
7%

169.43 W
1.69 W/m2
0%
6%

Figure 7: The input and output parameters for appliances
Table 3: List of heat dissipation fraction
Refrigerating appliances

Washing machine

Fridge

washing
Freezer Combination process

100%

100%

100%

30%

Eneryg by evaporation

spin dry
process

tumble
dryer

Convenser

Vented

Hanging

Dishwasher

Cooking
hobs

Incandescent

CFLs

LED

30%

80%/70%

0%

-100%

-100%

30%

50%

100%

100%

100%

D) and usage hours or cycles per person in a week.
Refrigerating appliances are used continuously over the
year. The energy consumption (Vk) for refrigerating
appliances is given in kWh/year, for other appliances in
kWh/hour, kWh/cycle or W. The annual required energy
(QA) in Eq.13 is calculated as follows:
 For appliances constantly running:
𝑄𝐴 = 𝑉𝑘




365
7

×𝑝

(15)

For the cooking hub with estimated consumption per
hour per week per person (hwp), QA is calculated as
follows:

𝑄𝐴 = 𝑉𝑘 × ℎ𝑤𝑝 ×


(14)

For dishwasher with estimated consumption per
cycle per week per person (cwp), QA is calculated as
follows:

𝑄𝐴 = 𝑉𝑘 × 𝑐𝑤𝑝 ×

365
7

×𝑝

Light

(16)

As the use of light-emitting diode (LED) lighting is
widely replacing incandescent and fluorescent (CFL)
lighting, mixed use of these lighting types is common
in residential buildings (Richardson et al. 2009). The
total number of lighting points (NLP), the % of
CFL’s (fCFL) and LED’s (fLED) and the hours per day
per person (hdp) have to be input. QA is calculated as
follows:
𝑄𝐴 = 𝑁𝐿𝑃 × (15 × 𝑓𝐶𝐹𝐿 + 10 × 𝑓𝐿𝐸𝐷 + 60 × (1 −
𝑓𝐶𝐹𝐿 − 𝑓𝐿𝐸𝐷 ) × ℎ𝑑𝑝 × 365 × 𝑝
(17)



Household
Electoronic equipment

100%

100%

For electronics with estimated consumption per hour
per day per person (hdp), QA is calculated as follows:

𝑄𝐴 = 𝑉𝑘 × ℎ𝑑𝑝 × 365 × 𝑝 ×

1

(18)

1000



For small household equipment, the energy per year
per person, QA is calculated as follows:
𝑄𝐴 = 𝑉𝑘 × 𝑝
(19)
As shown in Figure 8, the laundry process is divided into
three steps; (1) washing, (2) spinning and (3) drying.


For each washing machine and tumble dryer with
estimated cycles per week per person (cwp), QA is
calculated as in Eq.15.
Spin drying function is included in a washing
machine based on EU Directive definition (EU
Directive 2010). However, the remaining moisture
content (RMC), which determines the energy impact
of the drying process, is derived from the spinning
performance.
The required energy is obtained by Equation (20).
Evaporation energy (Φevap) depends on the RMC:
365

1000

𝛷𝑒𝑣𝑎𝑝 = 𝑙𝐴 × 𝑉𝑒 × 𝑐𝑤𝑝 × 𝑤 × 𝑅𝑀𝐶 ×
×𝑝×
7
24×365
(20)
With
- Ve: evaporation energy for 1kg water (=
0.613kWh/kg) (Stamminger 2011)
- w: washing load size per cycle
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Institute for Technological Research (VITO) measured in
recent well-insulated buildings much lower ventilation
rates (VITO et al. 2012). Hence, the correction coefficient
can be selected as a value between 0.5 and 1.5 (Fig.9) in
this model.

Link to dynamic model

Figure 8: Overview of the laundry process

After the spinning process, the RMC can be removed by
a tumble dryer or by hanging. If the moisture is added to
the heated space (tumble exhausted or hanging in a heated
area, (a-2) and (b-1) in Fig.8), the evaporation energy has
to be generated by the heating system and is subtracted
from the internal gains released by the washing and drying
equipment. Therefore, total internal gains by the laundry
process (ΦLaun) are calculated by Eq.21:
𝛷𝐿𝑎𝑢𝑛 = 𝛷𝑤𝑎𝑠ℎ + 𝛷𝑑𝑟𝑦 − 𝛷𝑒𝑣𝑎𝑝
(21)

A macro is developed to translate the input of the tool to
an Input Definition File (IDF file) that can be used for
dynamic energy simulations with the software
EnergyPlus (U.S. Department of Energy) for more
detailed assessments later on in the design process. The
input parameters for the occupant behaviour are translated
into more detailed schedules describe user behaviour for
dynamic simulations (Fig.10). All other parameters, such
as geometry, technical choice, and so on, are directly
translated into an IDF file.

This modelling of the laundry process except for the time
in use leads to a total of 686 combinations.
Ventilation strategy
Indoor air change per hour (ACH) is the result of in/exfiltration (ACHIn/ex) and ventilation (ACHV). The EPB
approach in Flanders estimates ACHIn/ex and ACHV as
follows (Deurinck 2015):
𝐴𝐶𝐻𝐼𝑛/𝑒𝑥 = 𝐴𝐶𝐻50 ×

𝑉
𝐴𝐸

× 0.04

(22)

𝐴𝐶𝐻𝑉 = 𝑚 × (0.2 + 0.5 × exp(−(𝑉/500))
(23)
Where:
•
ACH50: in/ex-filtration rate at 50Pa (fixed in
this study to 0.5 (1/h))
•
AE: envelop area (m2)
•
V: building volume (m3)
•
m: correction coefficient

Figure 9:Building volume and ventilation rate

Figure 10: Representation of a two-day user behaviour
schedule generated into E+ for a whole year

The model used for analysing the effect of
occupant behaviour
Simulation model
As this research focuses on the impact of occupant
behaviour, the geometry is fixed to a box building with
one window and overhang on each façade and
characteristics as summarised in Table 4. For all elements,
the construction is fixed, leading to an average Um of 0.37
W/m²K. Table 5 summarises the parameters and the range
considered for describing the occupant behaviour used to
test simulations in this study. The tool allows to
automatically generate all possible combinations (1152 in
this case), estimate the energy consumption and generate
the IDF files. Via an automatic procedure, Energyplus
simulations are run and the results reported in addition to
the results calculated by the early-design tool. A wider
design space can easily be generated.

The value of the correction coefficient is defined between
1.0 and 1.5 by EPB regulation. However, the Flemish
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“Young” (Fig.3 and Fig.6). In other words, the proposed
method slightly overestimates the energy demands,
especially when the occupancy of the dwelling is low.
Hence, the quick estimations by the proposed tool are in
line with the EnergyPlus results. The dEHDD method and
occupant behaviour modelling are quite consistent for
early design phase on, and the method can be used to
generate IDF files for a detailed design stage.
Figure 11: Building geometry
Table 4: Design space for the model
Building description
Location
Brussels
Building typology
Box building (Fig.11)
facade
10m
depth
10m
storey height
3m
number of floors
1
orientation
0°(=North)
obstruction
No
North: window size
3m x 2m
East: window size
3m x 2m
South: window size
5m x 2m
West: window size
3m x 2m
North: overhang
1m
East: overhang
1m
South: overhang
1m
West: overhang
1m
Number of inhabitants
2
Zone
1
% of the heated area
100%
set-point temperature
Figure 3
activity level
Figure 6

Figure 12: Comparison of annual energy demands between
dEHDD and E+ simulation

Table 5:Parameters describing user behaviour
Parameters

Range

No. combi

set-point temperature &
occupant activity

young, family, elderly
(Fig.3,6)

3

Appliances class
Washing machine
Spin dry
Tumble dryer type
Tumble dryer (cycle in use)
Dishwasher
Cooking hubs (cycle)
Light (total number of bulbs)
Light (time in use)

A+++,A,D
1 or 3 cycle/week/person
NA (= washing machine)
Condenser
1 or 3 cycle/week/person
1 or 3 cycle/week/person
2 or 6 hours/week/person
5
1 or 4 ( hors/day/person)
0%-10% (CFLs)-90% (LED)
80%-10% (CFLs)-10% (LED)
0.26 or 0.49

Light (bulbs choices)
ACH

Total combinations

3
2
1
1
2
2
2
1
2
2
2

1152

Comparison of the dEHDD and Energyplus
simulations
Fig.12 illustrates the comparison between the dEHDD
and Energyplus simulations. The energy consumption by
the tool is from 4% less to 9% more than the dynamic
simulations. As can be seen, three clusters are situated
roughly on straight lines. The difference of these clusters
depends on the set-point temperature and activity
schedules summarised as “Family”, “Elderly” and

Graphical representation of results of the described
design space
Figure 13 presents selected results of combinations via
parallel coordinates. In the same building, the heating
energy demands including the different ventilation rates
range from 33 kWh/m2year to 70 kWh/m2year (or from
1006 to 1768 dayK/year) only due to differences in
occupant behaviour. The results confirm the hypothesis
that varying occupant behaviour has enormous impacts on
energy demand.

Conclusions
The advantages of the tool are: (1) fast and consistent
simulations in the early design stage, (2) user-friendly
input of occupant behaviour (3) interactive modelling of
occupant behaviour, (4) supporting communications in a
design process with the automatic translation of all inputs
from the proposed tool to IDF file for Energyplus, (5)
overview of the design space can be generated
automatically and visualised via parallel coordinates.
This research can be applied to other contexts by using
other climatic data. This study focuses on occupant
behaviour, but the model allows a flexible way to change
many more design parameters: geometry and technical
choices.
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Figure 13: Parallel coordinate of results with ACH=0.26
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Abstract
The way occupants adapt in an environmental setting
directly affects their perceived thermal comfort. This
study examines the variation in thermal comfort
perception due to the diversified occupant behaviour. The
self-reported occupant behaviour patterns within the
social housing were clustered into three groups based on
the newly developed index, Adaptive Behaviour Index. A
dynamic building simulation approach was then
employed to investigate the difference in thermal comfort
using “Annual Comfort Hours” as the quantifying metric.
The results revealed that Annual Comfort Hours for
"active" and "passive" occupants were 247% and 180%
higher than that of the "indifferent" occupants
respectively. This study recognises the role of
multifaceted occupant behaviour in developing better
models of adaptive thermal comfort.

Introduction
Thermal comfort is one of the critical functions that
people are concerned about in the buildings. It is defined
as "the condition of mind in which satisfaction is
expressed with thermal environment" and is assessed by
subjective evaluation (ASHRAE, 2017). The adaptive
approach to thermal comfort identifies occupant
behaviour (OB) as a key factor in establishing thermal
comfort. The existing adaptive thermal comfort standards
such as ISO 7730 (ISO, 2005) and ASHRAE Standard-55
(ASHRAE, 2017) are based on the notion that the
occupants' level of adaptation is strongly related to
outdoor climatic conditions. However, occupants’
adaptive behaviour is also influenced by socio-cultural,
economic and contextual factors (Yan and Hong, 2018).
This oversimplification of OB often results in an incorrect
judgement of thermal comfort ranges leading to a
difference in actual energy consumption than predicted.
Thus, an in-depth understanding of OB is of utmost
importance to improve indoor occupant comfort and
reduce building energy use.
Occupant behaviour (OB) refers to the interaction with
building systems to control the indoor environment for
health and to obtain thermal, visual and acoustic comfort
inside buildings (Delzendeh, Wu, Lee and Zhou, 2017).
Such behaviour could be categorized into adaptive and
non-adaptive actions (Hong, Yan, D’Oca and Chen,
2017). Adaptive actions for thermal comfort include
either changing the environment to adapt according to
occupant's need such as opening or closing of windows,

adjusting thermostats, using heaters/space coolers etc. or
adapting themselves to the environment by adjusting
clothing, drinking hot/cold beverages etc. The nonadaptive actions include reporting discomfort, occupant
presence or no action. The way occupants adapt in an
environmental setting directly affects their perceived
thermal comfort. A deeper understanding about the nature
and factors influencing OB within buildings is therefore
critical in providing indoor comfort. Though a lot of
researchers have discussed the importance of OB in
thermal comfort, the magnitude of such influence is still
unknown (Indraganti and Rao, 2010; Kim, De Dear,
Parkinson and Candido, 2017; Rijal, Humphreys and
Nicol, 2009).
This work aims at investigating the variability of thermal
comfort due to different occupant behaviour (OB)
patterns, particularly for the case of social housing. The
study focusses on the stochastic and diverse nature of OB
which often leads to a difference in perceived comfort
within the same residential setting. The multi-storeyed
residential buildings with multi-tenant rooms on each
floor, commonly known as chawls, located in Mumbai,
India are chosen as the study area. These densely packed
tenement blocks are often characterized as thermally
uncomfortable with poor indoor environment due to lack
of ventilation and daylight (Bardhan, Debnath, Malik and
Sarkar, 2018; Bardhan, Sarkar, Jana and Velaga, 2015).
Furthermore, the adaptive actions for achieving thermal
comfort in these dwellings are governed by socio-cultural
and economic practices, i.e. the social logic (Malik and
Bardhan, 2018). This study analyses the impact OB
patterns, constrained by the social logic, on indoor
thermal comfort. The main objectives of this study are:
• To understand the role of occupant behaviour in
improving thermal comfort within social housing.
• To identify the diversity in adaptive behaviour
patterns adopted by the occupants using statistical
methods.
• To assess the variation in thermal comfort due to the
adaptive occupant behaviour through a data-driven
simulation approach.
The novelty of this study is twofold. Firstly, this study
explores thermal comfort behaviour in the oftenneglected category of social housing. Secondly, this study
adopts a relatively newer method involving a combination
of statistical analysis and simulation techniques to
quantify the effect of occupant behaviour (OB) on thermal
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comfort. This work relies on the self-reported OB in
social housing while accounting for the social logic.

Research Methods
A mixed mode research design involving transverse
survey, statistical analysis and building simulation
modelling approach has been adopted in this study. A
questionnaire survey was conducted to apprehend the
adaptive occupant behaviour (OB) for thermal comfort
improvements. The responses from the survey were
collated and statistically examined using multivariate
analysis techniques to cluster the OB patterns into three
distinct groups. Each OB cluster was treated as a case and
translated as an input for simulating the case study
building. Thermal comfort assessments were then made
from the simulation results to identify the variation in the
representative cases.
Data Collection
A cross-sectional questionnaire survey method was
adopted to capture the occupant behaviour (OB) patterns
in social housing of Mumbai, India. This method is useful
because of its ability to account for the social logic and
the rationale behind the behaviour patterns which the
sensor-based monitoring is not capable of (Day,
Theodorson and Arch, 2012). The survey was designed
based on the thermal comfort and OB studies conducted
in residential buildings by Indraganti (2011) (Indraganti,
2011), Andersen et. al (2009) (Andersen, Toftum, Kaae
and Olesen, 2009) and Rajasekar and Ramachandraiah,
(2010) (Rajasekar and Ramachandraiah, 2010). Questions
were structured to elicit responses regarding demography,
household characteristics, adaptive actions for thermal
comfort, door and window opening schedules, ownership
of space-conditioning appliances and their usage,
satisfaction with indoor thermal environment. The
respondents were also enquired about the reasons and the
potential constraints for adopting such behaviour. The
survey did not include questions on comfort perception
and was limited to occupant behaviour towards thermal
comfort.
A pilot study was conducted on 33 respondents in two
social housing colonies to test the measurement
instrument. The survey form was revised accordingly to
improve the reliability and minimise response bias. In
addition, single blinding method was adopted to avoid
Hawthorne effect and improve the quality of data.
Questionnaire surveys were carried out by seven welltrained interviewers in five different locations across
Mumbai between February and June 2018. The
respondents were interviewed in person using the
computer-aided personal interview (CAPI) method. CAPI
method is advantageous over traditional paper-based
survey method as it yields better quality results, has a
higher response rate and is less time-consuming. Random
stratification of the samples was done based on age,
location of house, and condition of house. 1267
respondents, each representing a distinct household,
participated in the survey. 1223 valid response forms were
yielded since 44 of the respondents refused to complete
the process. The survey responses were then statistically

analysed to test the validity and reliability of the data.
Table 1 explains the distribution of responses regarding
age, education, household income and household size.
Table 1: Socio-economic characteristics of samples.
Variable
Age (in years)
Household Size
Variable
Household Income (INR)
Below 5000
5000-10000
10000-25000
25000-50000
Above 50000
Education
Below Primary school
Primary school
Secondary school
Higher secondary school
Graduation and above

Average (Standard
Deviation)
37.97 (11.95)
4.68 (1.65)
Percentage
8.9
54.5
34.3
2.2
0.1
30.0
30.2
20.7
9.1
10.0

Constructing Occupant Behaviour Index
This section explains the analysis of survey responses
using the statistical package, SPSS v24. The aim was to
identify the diversity of occupant behaviour (OB) within
the dataset. This was done through the development of an
index, termed as Adaptive Behaviour Index (ABI) for
categorising OB into distinct groups. ABI index was
dependent on the level of adaptive actions taken by the
occupants to modify their indoor environment. The
variables chosen for computing ABI were extracted from
the survey responses based on their potential to improve
indoor thermal comfort. Use of environmental controls
such as ceiling fans, exhaust, air-conditioners etc.,
adjustment of indoor environment through adaptation
measures and level of dependency on cooling equipment
were observed as the influencing factors for improving
thermal comfort. Socio-demographic aspects were not
considered since it was not possible to translate these
variables into building simulation model.
Table 2 gives the descriptive statistics of the five variables
chosen for computing ABI. A detailed description of each
of these variables is given below:
1. Adaptive strategies (AS): This variable comprised of
passive strategies for achieving comfort adopted by
the occupants. Most commonly adopted strategies
were the use of curtains for shading, use of planters
near the window sill and clothing adjustments. A few
households also adopted roof wetting to improve
thermal comfort; however, this strategy was not very
efficient in the humid climate.
2. Natural ventilation controls (NV): In naturally
ventilated buildings, air velocity is a crucial factor for
thermal comfort improvements since it is not possible
to modify indoor air temperature and humidity. Thus,
most of the households relied on window and door
opening to achieve thermal comfort. The second
variable, NV, consisted of door and window opening
controls which were the most common adaptive
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action taken by the occupants. However, the
responses revealed that these controls were not
accessed at times due to security, privacy, spaceconstraints and other contextual constraints.
3. Cooling equipment usage (CU): This variable
accounted for the ownership and usage of ceiling
fans, evaporative coolers and air-conditioners. 99%
of the households adopted the usage of ceiling fans
and the operating hours varied from 12 to 24 hours a
day depending upon the occupancy, occupant
preference and outdoor weather conditions. 5.7 % of
the surveyed households had air-conditioners for
space cooling which refutes the general notion that
social housing is associated with low-income and are
not energy intensive. However, the usage of these
energy-intensive devices was intermittent and
restricted to 2-10 hours a day due to high operating
costs. Evaporative coolers and room heaters were not
common in these households with a combined
ownership of less than 0.1%.
4. Mechanical Ventilation controls (MV): The fourth
variable, MV, explained the ownership and usage of
other space-conditioning equipment such as exhaust
fans and dehumidifiers. About 13% of the
respondents used exhaust fans, especially while
cooking.
5. Cooling months (CM): This variable indicated the
number of months each household relied on cooling
equipment for thermal comfort improvement. It
captured the intensity of usage of the cooling
equipment. The survey revealed that the ceiling fans
were used for almost 9-12 months a year whereas air
conditioners were used for 3-8 months a year.
Table 2: Descriptive statistics of variables used for
computing Adaptive Behaviour Index.
Variable
AS

NV

MV
CM

CU

Description
Number of
adaptive
strategies
adopted
Use of
natural
ventilation
controls
Use of
exhaust fans
Number of
months
relying on
cooling
Intensity of
cooling
equipment
usage

Min

Max

Mean

S.D.

0

4

1.35

1.11

0

3

1.92

1.99

0

1

0.55

0.50

6

12

10.33

1.37

0

12

4.08

1.33

Occupant behaviour is influenced by multiple factors such
as physical, contextual, social, physiological (IEA, 2018;
Yan et al., 2015) and cannot be measured using a single
direct variable. Therefore, Principal Component Analysis

(PCA), a statistical dimension reduction technique, was
performed for aggregation of data into a single Adaptive
Behaviour Index (ABI) with little loss of information.
This method has been widely applied in fields such as
urban planning, real estate and healthcare to develop
composite indices from multivariate data. (Bardhan,
Kurisu and Hanaki, 2015; Baroni, Barthélémy and
Mokrane, 2007; Sathyakumar, Ramsankaran and
Bardhan, 2019) In PCA, the dimensionality of
multivariate data is reduced by transforming the
correlated variables into a set of uncorrelated linear
combination of variables, called as principal components
(PC). PCs account for much of the variance among the set
of original variables with the first PC accounting for the
maximum possible variation. This approach of utilising
the first PC for regression coefficients was adopted in this
study. The statistical analysis was carried out in IBM
SPSS v25 Software using the standard factor analysis
procedure. The procedure involves standardisation of
variables by calculating z-scores followed by the
computation of factor loadings also called as weights. The
z-scores are then multiplied by the loadings and summed
to produce the ABI value for each household as explained
in equation (1). The resultant ABI scores were
standardised having a mean of zero and a standard
deviation of one.
(1)
𝐴𝐵𝐼𝑖 = 𝐹1 × 𝑍𝑋1 + 𝐹2 × 𝑍𝑋2 + ⋯
+ 𝐹𝑛 × 𝑍𝑋𝑛
where,
ABIi= Adaptive Behaviour Index score
Fn= factor loading assigned to the nth variable
ZXn=z-score of the nth variable
n= no. of variables.
The next step was to classify the diverse OB patterns
based on their ABI scores such that demonstrated
behaviours with similar thermal comfort consequences
are grouped together. For example, occupants using
higher level of adaptation or those relying on energyintensive cooling equipment would fall within the same
cluster. Clustering is one of the most widely used pattern
recognition methods and aims at partitioning the dataset
into a set of unsupervised groups or clusters (Diao, Sun,
Chen and Chen, 2017). Cluster analysis was carried out
using a combination of hierarchical and k-means
clustering methods for arriving at better results.
Hierarchical cluster analysis was adopted to identify the
rough number of clusters based on within cluster inertia
gains since this method provides the freedom to choose
the number of clusters based on dendrogram structure
(Huang, Lu and Sellers, 2007). K-means cluster analysis,
a commonly adopted technique for clustering OB
patterns, was then employed to make the classification
(D’Oca and Hong, 2014; Dong, Li and McFadden, 2015).
Typical occupant behaviour patterns were identified
corresponding to each cluster and translated as input for
simulating different cases as explained in the subsequent
section.
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Simulation Approach
Study Area
An existing building located in one of the social housing
colonies of Mumbai, India was chosen as the case study.
The building block consisted of 84 single room units,
commonly called chawls, spread across four floors along
a double-loaded corridor (see Figure 1). Each tenement
unit had an area of around 19.5 square meters with a clear
height of 2.9 meters. An integrated cooking space was
provided inside each unit with an LPG cookstove. The
fenestrations included a door opening into the common
corridor and an external operable window. The tenement
units majorly relied on fan-assisted natural ventilation.
However, mixed mode ventilation methods were also
adopted in a few tenement units.

Table 3: Simulation Input parameters.
Parameter

Material

Thickness
(in mm)

Walls

Brick

200

U-Value
(W/m2K)
1.8

Roof

Concrete

150

3.6

Floor

Concrete

150

3.6

Infiltration
Occupancy

Refer
Appendix.
A

T8 fluorescent light operational for
16 hours a day

Cooking

One LPG cookstove operational for
3.5 hours a day
Television, Washing machine and Refrigerator
(one each)
As per different OB patterns
Refer
Appendix
B

Ventilation
system

Model Description
Energyplusv8.6 was used to perform the building
performance analysis because of its capability to simulate
a building close to its real situation. Openstudiov2.5, a
cross-platform tool for modelling and analysis of building
systems, was employed to model the study building. The
weather data file for Mumbai city was imported from the
nearest weather station located in Santacruz, 14 kms away
from case study building. Mumbai is characterised by
warm and humid climate with a mean annual temperature
of 27.2oC. The construction materials were modelled as
per the existing specifications to construct an as-built
model. Testo 653-2 thermohygrometer set was used for
in-situ measurements of the U-values of building
envelope materials. Table 3 provides the building material
properties and other simulation input parameters used for
simulation. Each chawl unit was treated as an individual
zone having a household size of five with different
weekday and weekend occupancy schedules based on the
survey results. All the 84 zones, i.e. chawl units were
simulated for an annual period to obtain hourly Predicted
Mean Vote (PMV). PMV is an index that predicts the
votes of large groups of persons on a 7-point thermal
sensation scale ranging from +3 (hot) to -3 (cold) where 0
indicates thermal neutrality (International Organization
for Standardization, 2005). The PMV values obtained
from simulated results were based on Fanger's comfort
equation and dependent on six variables namely: air
temperature, relative humidity, relative air velocity, mean
radiant temperature, metabolic rate and clothing
insulation.

As per
actual
CARBSE
(2019)

Lighting

Equipment

Figure 1: Rendering of the simulation model.

Through minor cracks
Separate weekday and weekend
occupancy schedule

Source

An advantage of applying PMV approach over the
adaptive approach for non-air-conditioned buildings is
that it includes all the major variables influencing thermal
sensation and doesn’t rely only on the average monthly
outdoor temperature (Fanger and Toftum, 2002a).
However, Fanger model underestimates the PMV for
naturally ventilated and mixed-mode buildings, and an
adjustment was required to account for this inadequacy
(Yao, Li and Liu, 2009). A correction factor of 0.7, based
on field studies in hot and humid climate (Fanger and
Toftum, 2002b; Zhang, Wang, Chen, Zhang, and Meng,
2010) was considered to calculate Zone hourly adjusted
PMV values, as per equation (2).
Adjusted Zone Hourly PMV Value = 0.7 * Zone (2)
Hourly PMV Value
The identified patterns corresponding to each cluster were
treated as different cases, and annual simulations were
performed to obtain hourly adjusted PMV values. The
simulated results were then compared based on the
thermal comfort assessment criteria as discussed in the
next section.
Thermal comfort assessment criteria
Thermal comfort assessments for different cases were
carried out using "Annual Comfort Hours" as a
quantifying metric. Adjusted PMV values falling within
the acceptable range, i.e. +0.5 to -0.5, following the
thermal environment classification of ISO7730 (see Table
4) were considered as comfortable. The rest of the hours
were treated as discomfort hours. "Annual comfort hours"
were calculated for the entire year as the sum of total
comfort hours out of 8760 hours.
Table 4: Thermal environment classification: ISO 7730.
Category

PPD

PMV Range

Description

A
B
C

<6%
<10%
<15%

-0.2 to +0.2
-0.5 to +0.5
-0.7 to +0.7

Good
Acceptable
Compromised
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Results
Adaptive Behaviour Index (ABI)
The dataset was statistically analysed to check for
reliability using the criteria of Cronbach’s alpha (α). The
α value of 0.63, which was within the acceptable range,
established the internal consistency reliability of the data.
The correlation between the variables ranged from 0.074
to 0.789. The next step involved checking the adequacy
of the data for performing Principal Component Analysis
(PCA) using Kaiser-Meyer-Olkin (KMO) and Bartlett's
Test of Sphericity. The adequacy check yielded an
acceptable KMO value of 0.584 (Cerny and Kaiser, 1977)
which was found to be statistically significant (pvalue=0.00) as mentioned in Table 5. Thus, the variables
were suited for performing PCA.
Table 5: KMO and Bartlett's test results.
Criteria

Occupant Behaviour Classification
The occupant classification based on the ABI scores
resulted in three clusters. Figure 2 illustrates the ABI
ranges for each cluster and their median values. The
height of each box plot in Figure 2, depicts the cluster
range, which was a measure of intracluster diversity in
occupant behaviour. The ABI scores ranged from 1.04 to
8.51 with Cluster 2 having the maximum deviation and
Cluster 1 having the minimum deviation. The ABI score
for Cluster 1 ranged from 1.04 to 2.27 with a median value
of 1.63. Cluster 2 had the widest ABI range from 2.32 to
6.44 indicating diversity in OB within the cluster. The
median value of Cluster 2 was 4.24. Cluster 3 had a
moderate deviation with a score range of 6.52 to 8.51.

Resultant Values

Kaiser-Meyer-Olkin (Measure of
Sampling Adequacy)
Approx. Chi-Square
Bartlett's Test
df
of Sphericity
Sig.

0.584
1477.533
10
0.000

The first principal component (PC1) from PCA results
explained the maximum possible variability and was
considered to measure occupant behaviour (OB). ABI
which is a weighted aggregation of five variables was
used to quantify OB. The ABI score was computed as a
comprehensive value of the five variables obtained from
regression equation using PC1. The resultant equation
(Equation 3) having an intercept of zero could be
expressed as:
(3)
ABI = −0.592AS − 0.887NV + 0.853 MV
+ 0.368CU + 0.319 CM
Table 6 indicates the weights of five ABI variables
derived from PCA results. These regression coefficients
indicate a positive relation of ABI with Adaptive
Strategies (-0.592) and Natural Ventilation Control (0.887) and negative relationship with Mechanical
Ventilation (0.853), Cooling Equipment Usage (0.368)
and Cooling Months (0.319). It could be inferred that ABI
principally explains the OB concerning energy use for
improving thermal comfort. A higher ABI would indicate
energy-intensive OB patterns while a lower ABI value
would suggest that occupants are engaged in either lowenergy adaptive actions or non-adaptive actions.
Table 6: Weights (Factor loadings) of ABI variables
Variable

Factor score

Relation

AS
NV
MV
CU
CM

-0.592
-0.887
0.853
0.368
0.319

Negative
Negative
Positive
Positive
Positive

Figure 2: Classification of OB based on the ABI scores.
Typical occupant behaviour patterns were then extracted
for each cluster from the survey responses (see Table 7).
The nomenclature of clusters was done based on the
characteristics of OB patterns. The lowest value cluster,
Cluster 1 was termed as "passive" since the occupants
adopted passive measures for achieving thermal comfort
such as the use of NV controls, curtains or adapting
themselves through adjusting clothing levels. This
behaviour could be attributed to the energy-consciousness
of the occupants or the existence of fuel poverty. Cluster
2 was called as "indifferent" because the occupants within
this cluster did not engage much in adaptive actions and
were indifferent to thermal comfort improvements. They
majorly relied on the use of ceiling fans and window
opening for increased air velocity. Lack of awareness
and/or socio-cultural and economic constraints were the
major drivers for such behaviour. Cluster 3, termed as
"active", belonged to the occupants with dependency on
active measures such as the use of air-conditioners and
exhaust fan. A narrow thermal tolerance band and
relatively lesser economic constraints were the main
reasons for such behaviour.
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Table 7: Occupant behaviour patterns based on clustering.
Cluster 1
Passive
Yes

Cluster 2
Indifferent
No

Cluster 3
Active
No

Yes

Yes

Yes, if
HVAC off

Use of Curtains

Yes

No

No

Details
Open when the inside temperature exceeds the
temperature setpoint of 26oC (Hwang, Cheng, Lin, &
Ho, 2009; Kubota et al., 2018) or the outdoor air
temperature.
Drawn if high solar gain (< 0.7) incident on windows

Use of Planters
Clothing level
adjustment

Yes

No

No

Plant assembly having a conductivity of 18 W/m-K

Yes

No

No

Ceiling fan use (daily)
Average Months of
operation

12-18 hours

12 hours

18-24 hours

9.21

10.48

11.8

Exhaust Fan use

Yes

No

Yes

Months of operation

12

0

10

Air-conditioner

No

No

Yes

Months of operation

0

0

9.5

Parameter
Opening of doors
Opening of windows

Thermal Comfort Assessment
Building simulations were carried out for the three cases
as identified in the previous section. The simulation
results revealed that the occupants of the subject
dwellings
experienced
thermally
uncomfortable
environment for a significant amount of year under all the
three cases. Figure 3 illustrates the duration curves of
acceptable adjusted PMV (aPMV) values for each case as
the percentage of the year. It was observed that “active”
occupants had the acceptable aPMV values for the largest
time of the year as compared to the other two cases. Yet,
for over 60% of the year, the aPMV values were outside
the acceptable comfort ranges. The aPMV curves
revealed that most of the thermal discomfort for “active”
and “passive” occupants was attributed to slightly warm
or warm conditions since the aPMV values ranged
between 0.5 to 1.5 for a larger part of the year. The
“indifferent” behaviour curve witnessed aPMV value
lying within the acceptable range for only a small part of
the year (14%). Furthermore, these values were farthest
from the acceptable range for a large part of the year
indicating extreme discomfort.
Annual comfort hours were calculated for these cases to
investigate the variability of thermal comfort. The results

Percentage of time(Annual)

60%

Based on season, ranging from 0.57 to 0.96 clo
Operational as per schedule (Appendix B) resulting in
the room air velocity of 0.7 m/s
Operated while cooking with a max. flow of 60 l/s
1-ton unit operational for 2-6 hours during MarchNov as per schedule (Appendix B)

revealed that the "active" occupants were found to be the
most thermally comfortable with an annual comfort hour
value of 3010 while the "indifferent" occupants
experienced the least thermal comfort with 1217
comfortable hours in a year. Figure 4 depicts the annual
and seasonal variation in thermal comfort across the
cases. Annual comfort hours for the "active" and
"passive" occupants were found to be 247% and 180%
higher than that of the "indifferent" occupants
respectively. The monsoon season (June to September)
observed the highest seasonal variation of annual comfort
hours. "Active" occupants were more thermally
comfortable in monsoons since the passive measures
often fail to provide thermal neutrality in high humidity
conditions. The summer (March to May) and postmonsoon season (October and November) also witnessed
similar trends where "active" occupants had the highest
comfort hours. The seasonal variation in winter months
(December to February) witnessed an interesting trend
with the "passive" occupants having a higher comfort
level in comparison to the "active" occupants. The reason
was that the active occupants did not use the airconditioners in winter months and were engaged in nonadaptive actions.

Acceptable aPMV
Range

50%
40%
30%
20%
10%
0%
-3

-2.5

-2

-1.5

-1

-0.5

Active

0
aPMV Value

Indifferent

0.5

1

1.5

2

2.5

3

Passive

Figure 3: Duration curves for aPMV values for three cases.
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Figure 4: Annual and seasonal variation of annual comfort hours.

Limitations
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As to the limitations, the OB patterns considered here are
majorly deterministic and do not account much for the
stochasticity.
A
probabilistic
approach
using
sophisticated OB modelling and co-simulation tools could
help in a better translation and integration of the OB
patterns thereby improving the accuracy of results.
Another limitation of this study lies in its thermal comfort
assessment approach based on Fanger’s model. Though
an adjustment factor for non-air-conditioned building has
been incorporated, the model is still not suitable for Indian
social housing context where the external factors (e.g.
economic and contextual) may alter occupant’s thermal
acceptance and neutrality. The effect of these factors on
thermal assessment was sidestepped in this study,
possibly because no obvious approach was available.
However, an effort was made to deal with this
shortcoming by analysing the results on a relative scale
rather than an absolute one.
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Conclusion

Bardhan, R., Kurisu, K. and Hanaki, K. (2015). Does
compact urban forms relate to good quality of life
in high density cities of India? Case of Kolkata.
Cities 48, 55–65.

This work aimed at establishing the role of occupant
behaviour in thermal comfort domain through a datadriven simulation approach. The self-reported occupant
behaviour patterns in the social housing of Mumbai were
incorporated in the dynamic simulation models for
investigating the variability of thermal comfort. The OB
patterns, which are often influenced by the social logic,
were categorized into- "active", "passive" and
"indifferent" clusters based on the Adaptive Behaviour
Index (ABI). Annual comfort hours was used a metric for
quantification and comparison of thermal comfort among
the different OB clusters. The results demonstrated a stark
variation, as high as 147%, in annual comfort hours within
the same residential setting indicating a significant role of
OB in thermal comfort improvement. The study also
highlighted the rationale behind adopting the reported
occupant behaviour which comprised of socio-cultural,
contextual and economic constraints. This study paves the
way for incorporating the stochastic and diverse OB to
develop better models of adaptive thermal comfort.

References
Andersen, R. V., Toftum, J., Andersen, K. K. and Olesen,
B. W. (2009). Survey of occupant behaviour and
control of indoor environment in Danish dwellings.
Energy and Buildings 41, 11–16.
Bardhan, R., Debnath, R., Malik, J. and Sarkar, A. (2018).
Low-income housing layouts under socioarchitectural complexities: A parametric study for
sustainable slum rehabilitation. Sustainable Cities
and Society 41, 126–138.

Bardhan, R., Sarkar, S., Jana, A. and Velaga, N. R. (2015).
Mumbai slums since independence: Evaluating the
policy outcomes. Habitat International 50, 1–11.
Baroni, M., Barthélémy, F. and Mokrane, M. (2007). A
PCA Factor Repeat Sales Index for Apartment
Prices in Paris. Journal of Real Estate Research
29(2), 137–158.
Cerny, B. A. and Kaiser, H. F. (1977). A Study Of A
Measure Of Sampling Adequacy For FactorAnalytic Correlation Matrices. Multivariate
Behavioral Research 12(1), 43–47.
D’Oca, S. and Hong, T. (2014). A data-mining approach
to discover patterns of window opening and closing
behavior in offices. Building and Environment 82,
726–739.
Day, J., Theodorson, J. and Arch, M. (2012).
Understanding
Controls,
Behaviors
and

________________________________________________________________________________________________
2219
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________
Satisfaction in the Daylit Perimeter Office : A
Daylight Design Case Study, Journal of Interior
Design 37(1), 17–34.
Delzendeh, E., Wu, S., Lee, A. and Zhou, Y. (2017). The
impact of occupants’ behaviours on building energy
analysis: A research review. Renewable and
Sustainable Energy Reviews 80(August), 1061–
1071.
Diao, L., Sun, Y., Chen, Z. and Chen, J. (2017). Modeling
energy consumption in residential buildings: A
bottom-up analysis based on occupant behavior
pattern clustering and stochastic simulation. Energy
and Buildings 147, 47–66.
Dong, B., Li, Z. and McFadden, G. (2015). An
investigation on energy-related occupancy behavior
for low-income residential buildings. Science and
Technology for the Built Environment 21(6), 892–
901.
Fanger, P. O. and Toftum, J. (2002a). Extension of the
PMV model to non-air-conditioned buildings in
warm climates. Energy and Buildings 34(6), 533–
536.

Ergonomics of the thermal environment Analytical determination and interpretation of
thermal comfort using calculation of the PMV and
PPD indices and local thermal comfort criteria.
(ISO 7730).
Kim, J., de Dear, R., Parkinson, T. and Candido, C.
(2017). Understanding patterns of adaptive comfort
behaviour in the Sydney mixed-mode residential
context. Energy and Buildings 141, 274–283.
Lalloué, B., Monnez, J., Padilla, C., Kihal, W., Meur, N.
Le, Zmirou-navier, D. and Deguen, S. (2013). A
statistical procedure to create a neighborhood
socioeconomic index for health inequalities
analysis. International Journal for Equity in Health
12(21), 1–11.
Malik, J. and Bardhan, R. (2018). Optimizing Thermal
Comfort in Low-Income Dwellings : A Pinch
Analysis Approach. Proceedings of the 4th IBPSAEngland Conference on Building Simulation and
Optimization. Cambridge (UK), 11-12 September
2018.

Fanger, P. O. and Toftum, J. (2002b). Prediction of
thermal sensation in non-air conditioned buildings
in warm climates. Proceedings from 9th
International Conference on Indoor Air Quality and
Climate. Monterey (CA), 30 June-5 July 2002.

Rajasekar, E. and Ramachandraiah, A. (2010). Adaptive
comfort and thermal expectations–a subjective
evaluation in hot humid climate. Proceedings from
Adapting to Change: New Thinking on Comfort,
Windsor Conference. Windsor (UK), 9-11 April
2010.

Hong, T., Yan, D., D’Oca, S. and Chen, C. (2017). Ten
questions concerning occupant behavior in
buildings: The big picture. Building and
Environment 114, 518–530.

Rijal, H. B., Humphreys, M. A. and Nicol, J. F. (2009).
Understanding occupant behaviour: The use of
controls in mixed-mode office buildings. Building
Research and Information, 37(4), 381–396.

Huang, J., Lu, X. X. and Sellers, J. M. (2007). A global
comparative analysis of urban form: Applying
spatial metrics and remote sensing. Landscape and
Urban Planning 82(4), 184–197.

Sathyakumar, V., Ramsankaran, R. and Bardhan, R.
(2019). Linking remotely sensed Urban Green
Space (UGS) distribution patterns and SocioEconomic Status (SES) – A multi-scale
probabilistic analysis based in Mumbai, India.
GIScience & Remote Sensing 56, 645-669.

Hwang, R. L., Cheng, M. J., Lin, T. P. and Ho, M. C.
(2009). Thermal perceptions, general adaptation
methods and occupant’s idea about the trade-off
between thermal comfort and energy saving in hothumid regions. Building and Environment 44(6),
1128–1134.
Yan, D. and Hong T. (2018). Definition and Simulation
of Occupant Behavior in Buildings: Annex 66 Final
Report. International Energy Agency , EBC Annex
66
Indraganti, M. (2011). Thermal comfort in apartments in
India: Adaptive use of environmental controls and
hindrances. Renewable Energy 36(4), 1182–1189.
Indraganti, M. and Rao, K. D. (2010). Effect of age,
gender, economic group and tenure on thermal
comfort: A field study in residential buildings in hot
and dry climate with seasonal variations. Energy
and Buildings 42(3), 273–281.

ASHRAE (2017). ASHRAE/ANSI Standard 55-2017
Thermal environmental conditions for human
occupancy.
Yan, D., O’Brien, W., Hong, T., Feng, X., Burak Gunay,
H., Tahmasebi, F. and Mahdavi, A. (2015).
Occupant behavior modeling for building
performance simulation: Current state and future
challenges. Energy and Buildings 107, 264–278.
Yao, R., Li, B. and Liu, J. (2009). A theoretical adaptive
model of thermal comfort - Adaptive Predicted
Mean Vote (aPMV). Building and Environment
44(10), 2089–2096.
Zhang, Y., Wang, J., Chen, H., Zhang, J. and Meng, Q.
(2010). Thermal comfort in naturally ventilated
buildings in hot-humid area of China. Building and
Environment 45(11), 2562–2570.

International Organization for Standardization (2005).

________________________________________________________________________________________________
2220
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________
Appendix A: Standard Occupancy, Lighting and Cooking Schedule

Appendix B: Ventilation and Air-conditioning Schedules

________________________________________________________________________________________________
2221
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________

Spatial Evaluation of the Effects of Sun Radiation and Clothing Adaptation in Indoor
Comfort Simulations
Jorge Conejo Fernández1, Francesca Cappelletti2, Andrea Gasparella1
1
Free University of Bolzano, Bolzano, Italy
2
University IUAV of Venice, Venice, Italy

Abstract
Changes in clothing are one of the most effective
adaptation mechanisms that occupants have to improve
their personal level of satisfaction in the indoor
environment. This can play a crucial role when
considering daily variation or uneven conditions as it
happens in case of solar radiation entering the room.
Nevertheless, when simulation is conducted to assess
thermal comfort, clothing is often assumed constant
throughout the day or the season.
The goal of this work is two-fold: on one hand, it aims at
assessing the potential of clothing adaptation for
providing comfort in the presence of solar radiation. On
the other hand, it evaluates the sensitivity to clothing
adaptation of the categorization of buildings according to
the standards ISO 7730 and EN 15251, in order to assess
the impact of simplified clothing assumptions on the
analysis of comfort.
Five clothing scenarios have been compared: four of them
are given by a combination of two different strategies for
daily selection of clothing and two adaptation ranges for
hourly changes; the fifth one is a reference one, which
assumes clothing is fully adaptable from 0.5 to 1.0. For
the comparison, a thermal model of a 100 m2 shoebox
office located in Milan (Italy) is used. The scenarios are
calculated for a grid of points distributed in the space and
the results are reported using two long-term metrics:
Thermal Comfort Availability (TCA) and Thermal
Comfort Usability (TCU). Comfort is assessed according
to Fanger model, both standard and modified to account
for solar radiation directly on the occupant.

Introduction
Thermal comfort can be defined as the “condition of mind
that expresses satisfaction with the thermal environment
and is assessed by subjective evaluation” (ASHRAE,
2017). It is normally evaluated by means of surveys in
occupied buildings, and with thermal simulation and
thermal comfort models during the building design phase.
Two main groups of thermal comfort models can be
distinguished in literature: heat balance models, which
rely on mathematical models of the human body and
require specific inputs regarding personal variables
(metabolic rate and clothing) and; adaptive models, which
were obtained from field surveys in unconditioned spaces
and predict comfort temperature ranges rather than people
satisfaction response. Adaptive models are suggested for

buildings without mechanical cooling systems. Both heat
balance (ASHRAE, 2017; CEN, 2007; ISO, 2005) and
adaptive models (ASHRAE, 2017; CEN, 2007) are
included in international standards.
According to the Fanger thermal comfort model (Fanger,
1970), the only heat balance model included in
international standards (ASHRAE, 2017; CEN, 2007;
ISO, 2005) and probably the most frequently used model,
thermal comfort is function of six variables: four
environmental and two personal. The former ones define
the thermal environment, air temperature, mean radiant
temperature, relative humidity, and air velocity, and are
often not completely under the occupant’s control. The
two personal variables, i.e. metabolic rate and clothing
insulation, even though may also be given by external
requirements, such as dress code, are adaptable to a
certain extent and can also be different from person to
person to a certain degree, in line with the considerations
of the adaptive models. Fanger model (Fanger, 1970),
shows a significant sensitivity to the personal parameters
(Gauthier & Shipworth, 2012). Nevertheless, in the
assessment and simulations they are quite often
considered constant within the same day or even the same
season, and uniform in space for all the occupants, with
values suggested by the standards (ASHRAE, 2017; ISO,
2005).
As regards metabolic rate, studies suggest that it is rarely
changed in the work environment for adaptation purposes
(Haldi & Robinson, 2008) and that people rather tend to
compensate internal heat production with the use of
drinks (Baker & Standeven, 1996; Haldi & Robinson,
2011). Clothing insulation adaptation on the other hand is
used more often and at different levels. Firstly, there is a
day-to-day selection of clothing when people leave home
in the morning. Secondly, there are clothing adjustments
during the day, such as the removal or addition of
garments, or even smaller changes such as rolling up
sleeves.
Baker and Standeven (1996) observing 1500 hours of data
from different subjects in offices found that 75% of times
outdoor thermal conditions had affected the choice of
clothes in the morning, while during 864 working hours
there were 62 (7.2 %) adjustments of clothing level.
Wyon & Holmberg (1972) , as cited by Newsham (1997),
observed the clothing choices of children between 9 and
11 years old and found significant hourly changes. They
concluded that clothing insulation should be evaluated in
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the short term.
Newsham & Tiller (1995) conducted a field study of
thermal comfort in offices using questionnaires. Daily
clothing was found depending only on the expected
indoor environment, and that 14.7% of participants had
made minor or major changes to their clothing during the
hour prior to the questionnaire.
De Carli et al. (2007) studied the clothing behavior of
people based of existing databases finding that the daily
choice of clothing is mainly influenced by the outdoor
temperature at 6 a.m. Changes of clothing during the day,
when possible, are influenced by indoor air temperature.
They also found that in conditioned buildings, it is normal
that occupants adjust their clothing up to 0.2 clo,
corresponding to the insulation of a jacket or sweater.
Haldi & Robinson (2011) conducted a field survey in an
office building in Switzerland looking for a model
capable of predicting clothing choices. Clothing was
found to be described by the daily mean outdoor
temperature. Major clothing changes occur rarely (only
2.1 % of hours) during the day, even if minor clothing
adaptations are possible.
Although the low percentages of adjustments depicted
from the previous studies, clothing adaptation to tackle
discomfort has been object of several studies
implemented by means of simulation, also because of the
implications that people’s capacity of adaptation can have
on the indoor temperature range that the system has to
maintain and on the energy saving of the building.
Newsham (1997) simulated the effect of clothing
adjustment and evaluated whether its impact is significant
in comfort and energy simulations. He derived setpoint
temperatures according to the level of clothing adaptation,
and then performed annual simulations with those
setpoints to evaluate the energy consumption of the
different alternatives. He concluded that clothing
adjustments should be considered in building computer
simulation as a strategy to improve comfort and energy
efficiency.
De Carli et al. (2007) performed computer simulations for
a typical air-conditioned office and found that variations
of 0.1 clo can significantly affect the indoor comfort
evaluation.
Schiavon & Lee (2013) used 6333 observations from
ASHRAE RP-884 (de Dear & Brager, 1998) and
ASHRAE RP-921 (Cena & de Dear, 1998) to develop two
dynamic predictive models of clothing insulation, one of
which was slightly modified with the aim of including it
in thermal comfort standards. According to their analysis,
and in agreement with de Carli et al. (2007), daily clothing
selection was more correlated with outdoor temperature
at 6 a.m.
One of the possible drivers for clothing adaptation in
indoor environment is the uneven and variable
distribution of solar radiation entering the space. Its effect
can be described in terms of localized and short time
variations of the mean radiant temperature, which can be

included in the Fanger model (Fanger, 1970) according to
La Gennusa et al. (2005).
In this work, standard evaluations based on fixed clothing
levels for the whole working day have been compared
with more realistic hourly clothing adaptation driven by
discomfort. Two main approaches for the standard
clothing levels have been considered: the seasonal
clothing level (i.e. 0.5 clo during the cooling season and 1
clo during the heating season) and the dynamic clothing
level described in Schiavon & Lee (2013). These have
been taken as reference in order to assess the impact of
hourly clothing adaptation on the improvement of the
thermal comfort conditions. Thermal discomfort caused
by sun radiation entering through the windows has been
considered in order to emphasize the time variability of
the conditions and the space unevenness.
Five different scenarios are compared with the aim of
assessing the potential of clothing adaptation, and the
possible improvement in comfort analysis and building
quality categorization according to the standards ISO
7730 (ISO, 2005) and EN 15251 (CEN, 2007).
Comfort is analyzed in different positions and for a whole
year for an open space office located in Milan (Italy).
Results are reported in terms of Thermal Comfort
Availability (TCA) and Thermal Comfort Usability
(TCU) (Atzeri et al., 2016), based on Fanger model,
including or no the contribution of solar radiation (La
Gennusa et al., 2005). TCA and TCU will be further
described in the methods section of this document.

Methods
Clothing adjustments
The clothing scenarios compared are presented in Table
1, and described below.
1. Seasonal. The clothing level changes only seasonally,
as in common building computer simulation, in
agreement with the standards (ASHRAE, 2017; ISO,
2005). In summer occupants wear 0.5 clo all day
long, while in winter 1.0 clo. Summer lasts from
April 1st to September 30th.
2. Adaptive seasonal. Reference clothing for each day is
selected according to the seasonal scenario (0.5/1.0
clo). In summer, occupants can perform small
clothing changes (+0.1 clo) or add a garment (+0.2
clo) to the summer clothing (0.5 clo) if that improves
their comfort; no lower clothing level is allowed due
to the dress code imposed in offices. Similarly, they
can also adjust their clothing (-0.1 clo) or remove a
garment (-0.2 clo) in winter, since the maximum
value for an office activity is assumed to be 1.0 clo.
This approach agrees with the clothing adaptation
that De Carli et al. (2007) observed.
3. Fully adaptive. Occupants are totally free to select the
clothing that provides best comfort at any hour, from
0.5 to 1.0 clo. This is a reference scenario included
here to see the theoretical optimum range of clothing
and to contrast it with other, more realistic scenarios.
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Table 1: Simulated clothing adaptation scenarios
#
1
2
3
4
5

Scenario
Seasonal
Adaptive Seasonal
Adaptive
Dynamic
Adaptive Dynamic

Type
Seasonal
Seasonal
Seasonal
Statistical
Statistical

Daily Clothing selection
0.5 in winter / 1.0 in summer
0.5 in winter / 1.0 in summer
0.5 – 1.0
Dynamic clothing model (Schiavon & Lee, 2013)
Dynamic clothing model (Schiavon & Lee, 2013)

Hourly Adjustment
-0.2 clo in winter / +0.2 clo in summer
0.5 clo – 1.0 clo
-0.2 clo / +0.2 clo

Table 2: Thermo-physical properties of the opaque envelope
Construction

Material

Thickness

Conductivity

Density

Specific Heat

Emissivity

Opaque
Envelope

Insulation
Clay Block

0.12 m
0.2 m

0.037 W m-1 K-1
0.432 W m-1 K-1

125 kg m-3
1200 kg m-3

1030 J kg K-1
840 J kg K-1

0.9
0.9

4. Dynamic. Daily clothing is selected according to the
dynamic clothing model that Schiavon & Lee (2013)
proposed to be included in thermal comfort
standards. This is a pseudo-realistic approach, with
clothing level determined by statistic analysis of a big
dataset of observations. There is no hourly clothing
adaptation in this scenario.
5. Adaptive dynamic. Daily clothing is selected
according to the previous dynamic clothing model
(Schiavon & Lee, 2013) but occupants can increase
or decrease their clothing by 0.1 or 0.2 clo, up to a
maximum of 1.0 clo in winter and a minimum of 0.46
clo in summer, according to the limits of the dynamic
clothing model.
Office simulation settings
The building energy model of an open space office
(Figure 1) has been implemented in EnergyPlus (U.S.
Department of Energy, 2018). The weather data used in
the simulation is a typical meteorological year (TMY) of
Milan (Italy) taken from the database of the International
Weather for Energy Calculations (IWEC) (ASHRAE,
2001).

Figure 1: Vertical section of the standard open office
space with the analysis grid (in red)
Vertical walls and the roof are exposed to the outdoors
(Table 2), while the floor is considered adiabatic. The
south-facing window is made of a double glazing (Ug =
1.26 m-2 K-1) with a Solar Heat Gain Coefficient (SHGC)
of 0.7. No solar shadings are considered, because of the
aim of evaluating the maximum levels of exposure.
The comfort is assessed in a horizontal grid with 1 m
distance between points, at a height of 0.6 m from the
ground (Figure 1). General simulation settings are
described in Table 3.

Solar
Absorptance
0.3
0.7

Table 3: Simulation settings
Simulation Settings
Floor area
Height
Window Area
Occupancy Period
Occupancy Hours
Hours of Operation of
HVAC
Occupancy Density (UNI
10339:1995, 1995)
Occupants Activity
Vapor production rate
Ventilation Rate
Internal Gains
(EN ISO 13790:2008,
2008)
Heating Setpoint
Cooling Setpoint
Setback Temperatures
Humidity Control

Value
100 m2
3m
13.5 m2 (9 m x 1.5 m)
Monday to Friday
8 am to 6 pm
Heating: 6 am to 6 pm;
Cooling: 7 am to 7 pm
0.12 people m-2
1.2 met
0.05 kg h-1
Occupied: 1.58 ACH;
Unoccupied: 0.05 ACH
Occupied: 20 W m-2;
Unoccupied: 2 W m-2
Winter: 20 ºC; Summer: 23 ºC
Winter: 24ºC; Summer: 26 ºC
Heating: 15 ºC; Cooling: 28 ºC
Not available

Solar radiation correction
Thermal comfort in each clothing scenario has been
evaluated twice: (i) according to the Fanger model
(Fanger, 1970) as detailed in ISO 7730 (ISO, 2005), and
(ii) considering the effect of solar radiation on the
occupant. These scenarios are labeled “standard” and
“irradiated”, respectively.
The correction to the Fanger model for solar radiation is
obtained through a modified mean radiant temperature,
according to the approach by La Gennusa et al. (2005).
Comfort metrics
Annual or spatial results are presented by means of two
metrics, as defined in Atzeri et al. (2016): Thermal
Comfort Availability (TCA) and Thermal Comfort
Usability (TCU).
TCA is the local time availability of thermal comfort in
the selected period, corresponding to PPD values less than
or equal to 10%, as suggested by the technical standards
(CEN, 2007; ISO, 2005). The mathematical expression of
TCA in this case can be given as:
1 𝑖𝑓 CI ≤ 10
1
TCA = ∑𝑁𝑡
𝑗=1 𝑤𝑓𝑗 𝑁𝑡 ∈ [0, 1] 𝑤𝑓𝑗 = {0 𝑖𝑓 CI > 10 (1)
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where CI represents the comfort indicator used (i.e. PPD)
in a specific point and time, and Nt is the total number of
working hours in one year. In this study CI is calculated
during the working hours (8 am to 6 pm) of workdays for
a whole year. Calculation timestep is 1 hour.
TCU expresses the usability of the space, in terms of the
fraction of it with an adequate thermal comfort in a given
moment, i.e. when PPD is less than or equal to 10%:
1 𝑖𝑓 CI ≤ 10
1
𝑁𝑝
TCU = ∑𝑗=1 𝑤𝑓𝑗
∈ [0, 1] 𝑤𝑓𝑗 = {
(2)
𝑁𝑝
0 𝑖𝑓 CI > 10
with Np the total number of points in the space where the
comfort index is calculated.
Categories of thermal environment
In this work, thermal comfort is assessed according to
categories B and C of the standard ISO 7730 (ISO, 2005),
which correspond to categories II and III of the standard
EN 15251 (CEN, 2007) (Table 4). In particular, category
III/C has been considered because the reference standard
does not account for solar radiation on the occupants in
assessing comfort. This way, it has been possible to
consider the effects of a higher occupants’ tolerance on
the evaluation of the indoor environment. Category I/A is
not considered, since it is reserved to buildings “occupied
by very sensitive and fragile persons”, which is out of the
scope of this work. Some authors also argued that such a
level of precision in comfort simulations and such a strict
control of thermal environment is doable with a standard
heating, ventilation and air conditioning (HVAC) system
(Arens et al., 2010).
Table 4: Comfort categories in standards ISO 7730
(ISO, 2005) and EN 15251 (CEN, 2007)
Categories
ISO 7730
EN 15251
A
I
B
II
C
III

Required PMV
– 0.2 < PMV < +0.2
– 0.5 < PMV < +0.5
– 0.7 < PMV < +0.7

Results and Discussion
In Figure 2 to 7, the performance of the standard scenarios
is represented on the left-hand side, while those including
the effect of solar radiation are on the right-hand side.
Thermal comfort availability
Figure 2 reports the TCA for category II/B (CEN, 2007;
ISO, 2005) on the analysis grid, for the different clothing
scenarios .
Seasonal standard scenario shows a very high TCA
(around 90 %) for almost all the points, but those closer
to the center of the window, which present values between
65 % and 80 %. When solar radiation is considered, TCA
goes down to 35-55 % in the same area. While in the
seasonal standard, comfort is reduced up to two meters
from the window, in the seasonal irradiated it is affected
much deeper, up to 5 meters from the window.
Adaptive seasonal and fully adaptive have almost
identical values of TCA, and a similar distribution to that
of seasonal. Both of them present a point by point
improvement of around 5-10 % with respect to the
seasonal scenario, which indicates that clothing changes

of 0.2 clo are sufficient to affect significantly comfort
evaluation in the category II/B. However, it is still not
enough to fully compensate for the effect of solar
radiation close to the window.
TCA percentages in dynamic standard and dynamic
irradiated scenarios are much lower. In general, the daily
levels of clothing do not appear to suit the indoor
temperatures setpoints, providing larger discomfort than
the seasonal one. Dynamic standard has a TCA of around
65 % in the center of the room, and between 35 % and 55
% closer to the window. In dynamic irradiated the
influence of the window is extended up to 6 meters deeper
in the space, and TCA is reduced to 25-40 %.
In the adaptive dynamic standard scenario, TCA is
uniformly distributed with a value around 90 %. Adaptive
dynamic irradiated presents the same TCA in most of the
space, except for the 2 meters closer to the window, where
TCA drops to 45-75 %. When clothing adaptation is
considered, TCA results calculated with the dynamic
clothing model are equivalent to those obtained with a
seasonal dynamic approach.
Adaptive dynamic has better TCA closer to the window
than adaptive seasonal lower minimum clothing level
(0.46 clo instead of 0.5 clo).
Figure 3 reports on the analysis grid the TCA for category
III/C (CEN, 2007; ISO, 2005) for the different clothing
scenarios. This has been considered to verify the
possibility of relaxing the demanding requisites of
category II/B, when solar radiation is taken into account.
Seasonal, adaptive seasonal, fully adaptive and adaptive
dynamic present almost the same TCA. All four standard
scenarios present 100 % TCA almost all over the analysis
grid, while in the irradiated scenarios TCA is reduced
closer to the window, where it drops to around 70-80 %.
In this category, all these scenarios provide consistent
results in the comfort evaluation of the space.
Quite differently, TCA results for dynamic standard and
irradiated present lower percentages, even if the
distribution is similar to the other scenarios. TCA values
in dynamic standard are around 85 %. In dynamic
irradiated this percentage is reduced to 55-65 % in the area
closer to the window.
Thermal comfort usability
TCU temporal maps for a whole year are reported in
Figure 4 for category II/B and in Figure 5 for category
III/C (CEN, 2007; ISO, 2005). The horizontal axis
represents the months of the year, and the vertical axis the
hours of the day.
As regards category II/B, TCU for seasonal standard is
generally high (around 90 % of space is in comfort in each
moment), except in some weeks of spring and autumn,
when the percentage is less than 10 %, because of the
assumption of a fix clothing level for the entire heating
and cooling seasons in combination with the weather
conditions during mid-seasons.
The temporal map of seasonal irradiated is very similar to
the standard, but TCU is reduced between 50 % and 70 %
in summer due to the entering solar radiation.
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Figure 2: Floor plans of the office with the analysis grid,
showing Thermal Comfort Availability (TCA) , category
II/B (CEN, 2007; ISO, 2005), of standard (left column)
and irradiated PMV (right column) for the whole year.

Figure 3: Floor plans of the office with the analysis grid,
showing Thermal Comfort Availability (TCA) , category
III/C (CEN, 2007; ISO, 2005), of standard (left column)
and irradiated PMV (right column) for the whole year.
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Figure 4: Temporal maps of Thermal Comfort Usability,
category II/B (CEN, 2007; ISO, 2005), of standard (left
column) and irradiated indexes (right column) for the
whole year.
TCUs of adaptive seasonal and fully adaptive are almost
identical to the seasonal during most of the year.
The clothing adaptation of these scenarios has proved
effective to avoid the low comfort percentages during
mid-seasons, but it was not able to raise the comfort
percentages during summer because in all three cases the
minimum level of clothing is the same (0.5 clo). The
dynamic scenario shows very low TCU values for a
considerable amount of time, especially in winter. It
seems that the model foresees clothing lower than
advisable for the considered setpoints.

Figure 5: Temporal maps of Thermal Comfort Usability
(TCU, category III/C (CEN, 2007; ISO, 2005), of
standard (left column) and irradiated indexes (right
column) for the whole year
This situation is improved by adaptive dynamic, which
has TCU higher than the non-dynamic scenarios during
summer, but still many hours of discomfort during winter.
In this season, the allowed hourly changes are not enough
to compensate for the daily clothing choice.
Similarly to what has been seen in TCA, for the category
III/C, seasonal, adaptive seasonal, fully adaptive and
adaptive dynamic present almost the same results. In the
standard analysis, all of them present a 100 % TCU during
the vast majority of time. In the irradiated analysis, TCU
is reduced to around 70 % in the central months of the
year, mainly during morning and late afternoon.
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TCU for the dynamic scenario are similar during summer,
but much lower during winter, where it decreases to 10 %
for the most of it. Not even in this category, adaptive
dynamic clothing model is enough to compensate for the
daily reference clothing.
Annual cumulative distribution function of TCU
Figure 6 shows the TCU annual duration plot for (a)
category II/B and (b) category III/C (CEN, 2007; ISO,
2005), of all scenarios. Distribution of TCU values in
adaptive seasonal and fully adaptive is almost identical,
with the 90th percentile over 90 % in the standard version
and around 70 % in the irradiated version. Seasonal has a
very similar distribution to the previous ones, with a TCU
percentage around 5-10 % lower, as we observed in the
TCA analysis grid. Dynamic and adaptive dynamic are
different from the previous scenarios. TCU of dynamic
standard presents the 50th percentile over 80 %, while its
irradiated version is more regularly distributed, with the
50th percentile around 55 %. Adaptive dynamic standard
and irradiated are both very polarized, with the 90 th
percentile of the TCU values over 80 %.

Differences provided by clothing adaptation scenarios in
this category are very small (0-10 %) in seasonal, adaptive
seasonal, adaptive and dynamic adaptive.
All of them have high TCU, with the 100th percentile over
70 %. Dynamic presents a similar distribution, but for a
percentage of occupational time lower of about 20 %. In
this case, the 80th percentile is slightly over 70 %.
Clothing adaptation
Figure 7 shows the maximum clothing difference between
two different points of the analysis grid at a given moment
in time, for the whole year for the adaptive scenarios.
In general, clothing differences are higher during midseasons: in March/April and October/November. In the
irradiated models, clothing adaptation is also performed
in winter during the central hours of the day.
While fully adaptive and adaptive seasonal have similar
TCA and TCU percentages, the clothing in each of them
is considerably different. In fact, fully adaptive uses most
of all its adaptation range of clothing, up to 0.5 clo. This
suggests that even though in the tested comfort categories
(II/B and III/C) there was no significant difference, under
more restrictive requirements (category I/A), fully
adaptive could provide higher percentages of TCA and
TCU.

(a)

(b)

Figure 7: Maximum clothing difference among points
(occupants) in the analysis grid at a given moment in
time, for the whole year.
Figure 6: Cumulative distribution function of TCU, for
(a) category II/C and (b) category III/C (CEN, 2007;
ISO, 2005), of all the clothing scenarios

Conclusion
This work has investigated different clothing adaptation
options in building comfort simulations, with and without
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taking into account solar radiation on the occupants.
Furthermore, it analyses how the different approaches
affect the evaluation of buildings with respect to the
categories of standards EN 15251 (CEN, 2007) and ISO
7730 (ISO, 2005).
Clothing adaptation can improve comfort over the space
all year long, but not enough to control discomfort due to
solar radiation closer to the window, which has to be
limited through shading strategies also adopted for visual
comfort. A maximum clothing adaptation of 0.2 clo, like
that observed in buildings (de Carli et al., 2007), seems
enough to provide a TCA improvement of around 10 % in
the comfort category II/B.
If expectations are lower, as with category III/C, the
benefit from clothing adaptation close to the windows is
higher. The dynamic clothing model, seems to get larger
improvement from clothing adaptation, probably to
correct a general mismatching with the considered
setpoint.
It is presumed that clothing changes would not be
sufficient to guarantee comfort conditions in category I/A.
In this case, global setpoint adjustments or personal
comfort systems (PCS) are recommended.
In general, if standard clothing can be a good assumption
to design the building HVAC system, clothing adaptation
of occupants is a factor of special importance when
assessing the indoor environmental quality of a building.
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Abstract
The right determination of occupant’s behaviour is
essential to eliminate high margins of inaccuracy
between simulated and actual building performance.
Accordingly, this research aims to present a
comparative analysis between the results of
retrofitting measures based on typical and actual
occupancy profiles in hot climate.
A typical residential apartment in Cairo was selected
for monitoring of indoor air temperature and
occupancy during a period of one year. The
measurements and specifications are used as inputs for
calibrating a dynamic simulation model using
TRNLizard – an open source TRNSYS simulation tool
for Grasshopper and Rhinoceros. A sensitivity
analysis has been conducted based on a set of variables
on both typical and actual occupancy profiles in order
to compare effects of occupancy profile on defining
optimization measures for energy retrofitting.

Introduction
In the past 60 years, Cairo has been transformed
dramatically by the global dynamics of urbanization
that increased the population of the city more than six
times (GTZ). Almost half of Egypt’s population lives
in slum conditions. In greater Cairo, it counts for eight
million dwellers living in informal settlements
(UNHabitat, 2007). Such numbers indicate the gap
between the supply and demand when it comes to
housing, allowing more informality to take place. The
transformation lead to a dramatic change in housing
typologies and on the prevailed used building
materials.
Accordingly, there is an obvious increase in the energy
consumption in the as shown in Figure 1. That is due
to the increase of urbanized areas, loads on an aging
infrastructure, not to mention the increasing usage for
electrical devices especially Air Conditioners (AC) in
parallel to the yearly increasing temperatures
especially during summer periods (EEHC, 2013).
Between the years 1996 and 2006, the sale of ACs
units has exceeded 54,000 units, and the demand
continued to increase to reach up to 766,000 units per
year between 2006 and 2010 (Attia, 2012). Based on
the Egyptian Electricity Holding Company’s report,

residential sector in Egypt consumes up to 42% of the
total energy demand (EEHC, 2013), by which the
average consumption of electricity on a monthly basis
ranges from 172 kWh for a low income housing unit
up to 918 kWh for a high income ones (Afify, 2010).

Figure 1: Energy consumption statistics for the
residential and industrial sector in Egypt
Despite the high potential that the country has to
produce energy from renewable resources such as sun
and wind, it heavily relies on hydrocarbon imports, by
which it became a net oil importer since 2010.
Moreover, energy subsidies count for 20% to 25% of
government spending, which contributed to rising
energy demand and high budget deficit that continues
to cut into the country’s budget (Plan Bleu, 2007;
EIA). Thus, the government planned to reduce the
energy subsidies, which was obvious in the latest
changes in electricity prices as shown in Table 1
(EEHC; EEUCPRA), by which the increases reached
in early 2017 up to 130% on households.
Table 1: Electricity Prices
RANGE
1:200
201: 350
351: 650
651: 1000
1000 <

PRICE IN US Cents
2013
2015
2017
0.67
0.89
1.51
1.06
1.34
3.07
1.62
1.90
4.19
2.96
3.35
6.98
3.74
4.13
7.54

2015 -2017
(%)
69%
129%
121%
108%
82%

There were several trials to cover that deficiency. The
Energy and Electricity Ministry went through
different agreements and tenders to establish up to
eight nuclear power plants with a capacity that should
range between 900 and 1650 MW to cover the
shortage of electricity supply (World Nuclear
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Association). One of the major root causes is related
to the building industry in Egypt. Due to the absence
of strict building codes to regulate the built
environment for the last 60 years, in addition to the
poor technological advancement of the construction
industry, it leaded to highly deteriorated building
quality (AbdelRazek, 1998). Thus, current dwellings
are generally considered to be lacking comfort and
being less sustainable.
Some initiative researches attempted to investigate
passive measurements for residential buildings aiming
to enhance indoor comfort or reduce energy
consumption. One research examined different roof
section designs via computer simulation and their
effect on the indoor thermal comfort. An examination
for 37 different roof constructions was conducted for
a single room in a typical residential apartment. Brick
vaulted roof and high albedo surface showed
significant improvement (Dabaieh et al.2015). On the
same case study apartment, another research extracted
retrofitting solutions for the different façade
orientations. In that research, retrofitting glazing
components of the apartment was recommended to
achieve higher efficiency than the opaque ones
(Mohamed and Sherif, 2013). An earlier attempt
integrated daylighting and energy consumption in a
multi-criteria parametric analysis. For a sample room,
different window configurations were examined in
different urban contexts, where best-performed
configurations were selected (Hegazy et al. 2013).
Other researchers focused on outdoor illumination and
comfort (Amer and Attia, 2014; Wagdy et al. 2015).
However, there is still limitation in previous studies,
due to the lack of including precise occupancy
behaviour and interaction with the building in both
seasons, summer and winter.

Occupant behaviour
The gap between simulation results and real cases is
named as the “performance gap” or “rebound effect”
(Motuziene and Vilutiene, 2013). In Boston Chapter
of IBPSA, the term “The four Uglies” was raised
(IBPSA NEWS), which refers to four parameters:
weather, occupancy, plug loads and infiltration, which
are considered to be the main factors of uncertainty in
building simulation causing performance gaps.
Occupant behaviour is hard to predict as many
unpredicted factors contribute in altering the
behaviour, which cannot be fully integrated yet in the
simulation input, such as change in behaviour to
achieve a certain level of thermal, visual or acoustic
comfort. Several researches tackled occupancy topic
between assessing the gap of performance and
proposing modelling approaches.
One research assessed four different occupancy
profiles and their effect on energy performance. The
different assessment focused on the influence of the
schedules on heating, lighting and ventilation. It was
found that age, number and behaviour have significant
impact on the energy simulations (Motuziene and

Vilutiene, 2013). Another research proposed an
approach for better occupancy modelling based on
improvements in the input and output parameters
while considering drivers for different behaviours
(Fabi et al. 2011). Hong and Lin defined behaviour in
three categories; austerity, represents the most aware
and energy saving behaviour, standard for a typical
behaviour and wasteful, which is considered to
represent the worst-case scenario for an occupant. It
showed that the different can achieve 50% less energy
consumption for an austerity behaviour and up to 90%
for a wasteful behaviour (Hong and Lin, 2013).
As for residential buildings, occupancy will highly
depend on the functional distribution for the zones as
well as on some cultural aspects. In Egypt,
contemporary dwellings are still dynamic in terms of
space usages, depends on where family members can
find their comfort, which include privacy as an initial
requirement. Thus, this research presents a modelling
approach for actual occupant behaviour for a selected
case study, where the investigation takes place.

Methodology
A typical residential apartment located in the area of
Heliopolis district in Cairo is selected for the
evaluation study. The apartment hosts a single family
consists of three persons. A detailed questionnaire is
held for the occupants to define precise occupancy
schedules. Occupancy profiles were verified based on
three monitoring devices installed in three rooms.
Accordingly, two types of occupancy profiles were
tested; Typical Occupancy Profile (TOP), based on a
previous research that defined a benchmark for
Egyptian residential apartments, and Actual
Occupancy Profile (AOP), based on the onsite taken
measurements and questionnaire. Typical schedule
represents a uniform standard usage of the different
spaces of the apartment, while actual schedule
represents an irregular usage in relation with indoor
temperatures that alters the usage of indoor spaces
during different periods of the day and seasons.
A sensitivity analysis is conducted for 22 building
parameters including the base case to examine the
effect of different building envelope variables on each
of energy consumption, Hot Kelvin hours (HKh) and
Cold Kelvin hours (CKh). The analysis is conducted
for both, the typical profile and the other for the actual
one. A multi-objective optimization is carried out with
the optimization goal of reducing energy consumption
as well as discomfort kelvin hours. At the end, a clear
comparison highlights the most influential parameters
of the building.
Apartment Selection
Based on the scope and objectives of this research, a
real case study was selected to assess the actual
building configurations and to monitor occupant
behaviour. Five criteria are set for the selection phase,
which are:
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 The apartment is located in Cairo to represent the
prevailing climate conditions for inhabitants living
in a city that hosts more than one fourth the
populations.
 The number of occupants range between 3 and 5
users to represent the mean number for a family
living in Cairo according to the UNICEF report.
 The apartment should be located in an urbanized
area, to match the scope of the research of tackling
the problem accompanied with higher energy
consumptions
 The apartment should be located on most upper
floor, to investigate the effect of roof
configuration.
 Trusted voluntary household ready follow up with
the research process.

Figure 2: Apartment plan layout
As shown in Figure 2, the apartment consists of a big
living room, two bedrooms, kitchen and bathroom. It
is important to mention that the initial design of the
apartment used to have two balconies; however, to
increase the area of the indoor space, the balconies are
closed. One air conditioner (AC) is located in each
bedroom. Table 2 and Table 3 shows the list of
electrical devices used, and building’s envelope
specifications consequently. The electricity consumed
by Air Conditioners highly depends on both
occupancy schedules and the indoor temperatures
inside the room.
Table 2: Electrical Appliances
Device
TV
Router
Receiver
Fridge
Electric Heater
Water Cooler
Dishwasher
Sandwich maker

Power
75W
20W
20W
800W
1200W
180W
1600W
750W

Loads
0.62 W/m2/day

45.78 W/m2/day

Washing M
AC 1
AC 2

2100W
3500W
3500W

7.89 W/m2/day
Relative

Table 3: Base Case Building Materials
TYPE

DEF

U-VALUE

Roof

RC-Sand-Mortar-Flooring

3.1 W/m²K

Wall

Red Brick wall

2.47 W/m²K

Glazing

Single tinted Glazing

5.16 W/m²K

Shading

No Shading

-

WWR

40 %

-

Floor

RC-Sand-Mortar-Flooring

3.1 W/m²K

The weather in Cairo is characterized with high
temperature in summer with an average 35◦C, and
reaches up to 44C in peak days. While in winter it has
an average temperature of 22C and reaches to 9C in
peak days. However, there is no heating device
installed in the apartment, which is a common practice
in Egypt. The average relative humidity is 57.75%,
with a maximum average of 68% in January, and a
minimum average of 44% in May. While the global
average daily solar radiation reaches 5.03 kWh/m2
annually.
Occupancy Profiles
A questionnaire is conducted to the households to
define a typical occupancy profile for the simulation
process. Actual profile definition has been supported
by three monitoring devices in the living room, and the
two bedrooms. Monitoring devices measured indoor
temperatures and CO2 levels. Actual CO2
measurements could identify the time and intensity of
occupancy profile, in which has been used to verify
the results of the questionnaire. Through out the
investigation process, it was found that space usage
schedules depend on the indoor temperatures in two
ways; firstly, the sitting area is often shifted from the
living room to the bedrooms, where they have air
conditioners as shown in the comparison between the
schedules in Table 4. Secondly, the usage of air
conditioner itself was depends on their occupancy
time and indoor temperature in the bedrooms.
The operational schedule of the Air Conditioning
(AC), which is responsible for cooling loads only,
aligns with the occupancy schedules in the summer
season only , with a set point operative temperature of
30◦C (HBRC, 2004). There is no heating system
assigined to this model, which is common according
to the benchmark of the Egyptian
residential
apartments (Attia, et al., 2012).
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Table 4: A sample comparison for the living and master bedroom between typical and actual schedules showing
the alteration of space usage based on operative temperature
TYPICAL SCHEDULE (SUMMER SEASON)

BEDROOM

LIVING ROOM

STANDARD SCHEDULE (SUMMER SEASON)

Glazing

Roof

Wall

01
02
03
04
05
06
07
08
09
10
11
12
13

SPECIFICAION
Thick wall
Light exterior insulation
Heavy exterior ins.
Light interior ins.
Heavy interior ins.
Light sandwich ins.
Heavy sandwich ins.
Light roof ins.
Heavy roof ins.
High albedo
Double glazing (Dbl glz)
Double glazing + inert
Dbl glz + inert + eCoat

PROPERTIES
1.61 W/m²K
0.29 W/m²K
0.15 W/m²K
0.29 W/m²K
0.15 W/m²K
0.27 W/m²K
0.15 W/m²K
0.2 W/m²K
0.1 W/m²K
Reflectivity: 0.9
2.83 W/m²K
1.4 W/m²K
1.27 W/m²K

14

Triple glazing + inert

0.59 W/m²K

Shad.

Sensitivity Analysis
To define the influential building components in the
building envelope, a sensitivity analysis has been
conducted. The analysis is conducted over five main
variables, by which every main variable consists of
sub-variable. The main variables are as follows: wall
section, roof section, glazing type, window to wall
ratio and shading configuration. As shown in Table 5,
sub-variables are defined based on the possibilities
every variable can have. The total number of variables
turned to be 21.
Table 5: Main and sub-variables specification &
properties designed for sensitivity analysis

Occupancy during working days

WWR

Occupancy during weekends and Holidays

15
16
17
18
19
20
21

Single tint glaze
Single tint glaze
Single tint glaze
Single tint glaze
Internal shading fraction
External shading fraction
Overhang

20%
40%
60%
80%
50%
80%
Extrusion: 0.6 m

Assessment Criteria
The standard unit kWh/m2/y is used to calculate the
energy consumption on the apartment scale, while
comfort levels are determined based on the Egyptian
code of Energy Efficiency in Residential Buildings.
Thermal comfort can be achieved when operative
temperature lies between 21.8◦C and 30◦C, and when
humidity levels range between 20% and 50% and air
velocity is between 0.5 to 1.5 m/s (HBRC, 2004). For
better assessment criterion, instead of only counting
the number of hours that lie outside the comfort
threshold levels, the number of hours is multiplied by
their intensity measured in Celsius giving the unit of
(Kelvin Hours).

Results
The sensitivity analysis is conducted with the two
different occupancy profiles for three different zones;
Living room and the two bedrooms. The results are
represented in three different charts; Hot Kelvin hours
(HKh), Cold Kelvin hours (CKh), and annual energy
consumption per meter square (kWh/m2.a).
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Figure 3: Sensitivity analysis for building envelope’s parameters on the Hot Kelvin hour (HKh) using Typical
and Actual Occupancy Profiles

Figure 4: Sensitivity analysis for building envelope’s parameters on the Cold Kelvin hours (CKh) using Typical
and Actual Occupancy Profiles

Figure 5: Sensitivity analysis for building envelope’s parameters on the energy consumption (kWh/m 2.y) using
Typical and Actual Occupancy Profiles
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According to the simulation on one side, the CKh
values are much higher than HKh values, which is not
hypothetically common for a dwelling in a hot climate
region. However, based on the selected evaluated
zones, HKh values reflects only the occupancy period
in the living room using the typical profile. In the
actual profile, HKh values were barely significant as
shown in Figure 3, this reflects the actual behaviour of
changing living area to achieve thermal comfort in the
air-conditioned rooms. The CKh values did not
change significantly between TOP and AOP as shown
in Figure 4. The most significant variable was the roof
configuration, by which it achieves a total reduction of
30% of HKh for a roof with light insulation and 32%
for a heavy roof insulation. Whereas, Window to Wall
Ratio (WWR) of 40% and more increases the value of
HKh, because it increases the amount of radiation
from sun and sky during summer which warm up the
space. Different insulation thicknesses and positions
did not have a great influence on reducing HKh. with
an effect that ranges between 9 and 10% of reductions,
which represents the same case with different glazing
types. The reason behind that may return to the high
infiltration rate of building envelope, which tends to
minimize the effect of wall insulation.
In Figure 5, energy consumption for the same
variables and on the two occupancy profiles were
assessed, which reflects the usage of electric
appliances and air conditioning in bedrooms. Due to
the shift in occupancy, more energy was consumed
during the exceeded period of occupancy in the
bedrooms and AC’s are on. The base case with the
actual profile has a 15% higher consumption than that
with the Typical profile, which highlights the
importance of considering better-assessed behaviour
profiles during simulation process. Yet, the difference
of results between each of the two profiles ranges
based on the tested variant starting from 7% for
insulated roof cases up to 21% for larger window
ratios.
The difference in the energy consumption represents
the opposite performance of each variable than that for
the HKh, which is the amount of hot hours that is
translated into energy used for air conditioning.
Counting on the actual profiles for better assessment,
insulated roof performs even better energy wise, by
which a total reduction of 52% is achieved with light
insulation and 53% for thick insulation. With less
window ratio, up to 22% of reduction is achieved as
well as for fixed shading. On one hand, exterior
shading has a significant influence, by which 38% of
energy consumption reduction is achieved, however,
on the other hand, interior shading achieves only 9%
of reduction. For the other opaque surfaces, different
wall insulations achieve by maximum 4% of
reduction, as well as for different glazing types. If we
sum up the comfort and energy charts together, it is
found that roof insulation has positive influences on
both sides, however, window ratio or shading
configuration has inversely proportional influence.

Thus, a second iteration of analysis is required for
better choice of enhanced combination between
different variables.

Optimization
In this research, the optimization has been carried out
using Galapagos, a plugin used in Grasshopper
parametric tool, which is based on Genetic Algorithm
method of optimization. The aim is to achieve the
minimum values for each of energy consumption, Hot
and Cold Kelvin hours. The results were later post
processed using MATLAB to represent a multiobjective optimization based on Pareto optimality
method. Optimization has been carried out for
building parameters under each of the TOPs and AOPs
as shown in Figures 6 and 7. X-axis represents the sum
of Hot and Cold Kelvin hours namely Discomfort
Kelvin hours for the three zones (living room, and two
bedrooms) for the whole year, while Y-axis represents
the energy consumption in kWh/m2 annually.

Figure 6: Multi- objective optimization using Typical
Occupancy Profile (TOP)

Figure 7: Multi- objective optimization using Actual
Occupancy Profile (AOP)
Each attribution of building parameters is represented
by one blue cross in the orthogonal graph. In the first
optimization process of TOP, 550 iterations where
analysed, while the second optimization process of
AOP had 250 iterations. The reason behind the
difference in the number of iterations of each
optimization phase is due to the usage of Genetic
Algorithm optimization with a single objective of
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finding the minimum value of both Discomfort hours
and Energy consumption. The usage of Genetic
Algorithm for optimization has found to show an
advantage in narrowing down the number of attributes
on which multi-criteria optimization could be carried
out. In contrary, exhaustive simulation for a
combination of 22 building parameters could reach
more than 700 attributions for each simulation
occupancy profile. Accordingly, optimum attributes
are determined using Pareto Frontier multi-objective
optimization method using MATLAB.
Tables 6 and 7 represent the results of Pareto Front
from the previous Figures 6 and 7. Out of 550
iterations of TOP, 12 optimum attributes have been
defined. Optimum attributes show high diversion of
solutions, ranging from using heavy wall insulation to
recommendation for high thermal mass, and from
using interior shadings to overhangs and no shading at
all. Whereas out of 250 iterations using AOP, 14
optimum attributions have been defined. Those
attributions have a variation of wall and roof
insulation in common, in addition to medium
performance glazing resembled in a double glaze with
air gap.
Table 6: Optimum attributes using (TOP)
Wall

Roof

Thermal
mass
Thermal
mass
Thermal
mass
Outer
Heavy Ins.
Outer
Heavy Ins.
Outer
Heavy Ins.
Inner Heavy
Ins.
Outer
Heavy Ins.
Outer
Light Ins.
Outer
Heavy Ins.
Thermal
mass
Outer
Light Ins.

Heavy
ins.
Base
case
Base
case
Light
ins.
Heavy
ins.
Heavy
ins.
Heavy
ins.
Heavy
ins.
Heavy
ins.
Light
ins.
Light
ins.
Light
ins.

Glaze

WWR

Shade

Dbl

20%

Interior

Sgl

20%

OverHang

Dbl

20%

-

20%

-

20%

-

40%

-

20%

-

Dbl +
inert
Dbl e+
inert
Dbl e+
inert
Dbl e+
inert
Dbl e+
inert
Dbl e+
inert
Dbl e+
inert
Dbl +
inert
Dbl +
inert

20%
20%

Overhang
Overhang

40%

-

60%

-

60%

-

Table 7: Optimum attributes using (AOP)
Wall

Roof

Outer
Light Ins.
Outer
Light Ins.
Middle
Light Ins.
Inner Heavy
Ins.

Heavy
ins.
Heavy
ins.
Heavy
ins.
Heavy
ins.

Glaze

WWR

Shade

Dbl.

40%

Dbl.

20%

Dbl.

60%

Interior

Dbl.

40%

Interior

Overhang
Overhang

Outer
Heavy Ins.
Outer
Heavy Ins.
Outer
Heavy Ins.
Outer
Heavy Ins.
Outer
Heavy Ins.
Middle
Light Ins.
Outer
Light Ins.
Outer
Heavy Ins.
Inner Heavy
Ins.
Outer
Heavy Ins.

Heavy
ins.
Heavy
ins.
Heavy
ins.
Heavy
ins.
Heavy
ins.
Heavy
ins.
Heavy
ins.
Heavy
ins.
Heavy
ins.
Heavy
ins.

Dbl.

40%

-

Dbl.

60%

Interior

Dbl.

60%

-

Dbl.

20%

-

Dbl.

20%

Overhang

Dbl.

40%

Interior

Dbl.

40%

-

Dbl.

40%

External

Dbl.

20%

-

Dbl.

20%

Overhang

Discussion and conclusion
The sequential steps of simulation address the most
effective parameters of buildings envelop to achieve
indoor thermal comfort and reduce energy
consumption. The results from the sensitivity analyses
showed that enhancements for opaque surfaces in the
building envelope is less effective in terms of energy
consumption and comfort, while glazing surface have
the priority in consideration. Even though wall
insulation does not have a big influence on achieving
comfort or reducing energy, it still helps in reducing
high infiltration rates, which is considered another
important factor that influences the overall energy
consumption. Regarding glazing components of the
envelope, no shading can be recommended only with
a minimum glazing ratio if larger glazing ratio would
be applied or the base case, that is more than 20% in
every room, higher shading factor should be
considered, whether an overhang, exterior or interior
shading. Regarding glazing type, it is always
recommended to have at least double-glazing.
A mean difference of 15% was found between using a
Typical and Actual Occupancy Profiles, which
highlights the importance of using dynamic
occupancy profiles. Primary results of the case study
shows that however temperatures in Cairo reach below
comfort levels; air conditioners are only used for
cooling purposes and never used for heating. Thus,
households experience extremely cold days during
winter. Given that the general notion on Cairo that it
lies in a hot dominated weather, which is true to a
certain extend. However, according to the simulation
and monitoring results, CKh have reached up to
14,000 degrees for the base case. In the sensitivity
analysis results, CKh are almost the same during the
whole year for two reasons: first, there has not been
observed a change in the occupancy pattern during the
summer and winter seasons, second, due to the effect
of the building’s high infiltration values, and the
absence of heating system. Therefore, heating systems
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are highly recommended for residential buildings in
Cairo.
We found that each of roof insulation and double
glazing windows are highly recommended retrofitting
parameters to achieve both indoor thermal comfort,
during summer and winter seasons, and reduce energy
consumption. Both parameters are found to be
robustly efficient and feasible no matter what
occupancy pattern has been applied in the simulation,
given that wall insulation and changing window ratios
could require dramatic onsite construction works and
the evacuation of occupants. The effect of shading has
been found to be efficient during summer season,
while in efficient during winter seasons, which is
logic. However, and a part of the limitation in this
research work, operation schedule of window
shadings has not been tested. Thus, we recommend for
a future research work that further studies the effect of
different operational schedules of windows shading
(based on either solar radiation or outdoor
temperatures) on the overall thermal and energy
performance of the building under such conditions.
We also recommend that the further study should
include monitored occupancy behaviour towards
operating shading devices
under different
circumstances.
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Abstract
We present a framework and a model for the simulation
of collective energy self-consumption strongly coupled to
occupant activity in households. The model combines
multi-agent simulation of human activity, a dynamic
model of building energy including Domestic Hot Water
(DHW) and all electrical appliances, and local generation
of photovoltaic energy. A cooperative energy exchange
policy between households was defined in order to
maximise the use of locally generated PV electricity at the
neighbourhood scale. In this first implementation, three
households A, B and C were simulated, one being the PV
energy producer. The DHW model was modified to
benefit from PV electricity. Thanks to the energy
exchange policy, a total of 83% of the energy generated
by household A is used locally in the neighbourhood
(compared to 38% when there are no energy exchanges
with household B and C). The next step of this study is to
add a model of energy storage in several self-consumption
configurations.

Introduction
Energy self-consumption consists in generating energy
using a local source (photovoltaic panels, windmill, etc.)
and consuming part or all of this locally generated energy
(Luthander et al. 2015; Matallanas and Monasterio 2011).
However, in usual situations, only a small part of this
energy can actually be consumed by the producer itself,
namely 25 to 40% according to (Luthander et al. 2015).
Several reasons can explain these low figures of selfconsumption.
The building energy needs represent the main part of the
electrical energy consumption in the world. According to
(Chwieduk 2003; Zimmermann et al. 2012), 57% of the
final energy consumption of the households in Europe is
used for space heating. But the periods of energy
consumption do not necessarily coincide with the periods
of local energy generation. For instance, the need for
space heating often occurs while PV panels energy
generation is null. In addition, (Bahaj and James
2006) showed that a precise evaluation of electrical
energy consumption needs to take human activities into
account. But like the heating loads, these energyconsuming activities rarely coincide with the periods of
local energy generation.

In this context, one solution to optimise the use of local
energy generation is to support energy exchanges between
various self-consumer buildings (Tushar et al. 2018; Wu
et al. 2015). This can help households to compensate an
excess of energy production by using this energy in
another household.
Predicting human activities and energy loads of buildings
are thus of crucial importance to design practical solutions
for efficient energy management in the context of energy
sharing. In the present study, both the energy demand of
the building and the inhabitant activities are considered.
We used multi-agent systems for simulating human
activities coupled with building energy models in order to
study energy self-consumption and energy exchanges
between households. A multi-agent system can be defined
as a set of processes i.e. the agents which exist together,
share common resources, and communicate with each
other (Ferber 1999). Coupling activity and energy
simulation allows to study different exchange
configurations and technical solutions which can improve
energy self-consumption, such as energy trading (Tushar
et al. 2018), energy storage (Braun et al. 2009) or load
management (Widén 2014).
The overall goal of our work is to assess the efficiency of
several technical and policy solutions for energy
exchange, by quantifying the rate of self-consumption at
the household and district scale.
This paper focuses on the first implementation of a
specific energy exchange policy, and is organised as
follows: In the second section, previous works about
energy self-consumption, energy exchange and
simulation of human activities are presented and
discussed. The third section is devoted to presenting the
SMACH simulator (Multi-Agent Simulation of Human
Behaviour), used for the dynamical simulation of human
activities and energy consumption in buildings. Section 4
describes the model of collective energy selfconsumption. Section 5 presents the case study and the
results. We then present the conclusions and future work.

Related works
Multi-Agent Simulation of activity and electrical
consumption
Simulation of human behaviour linked to electrical energy
consumption prediction in buildings has been a growing
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centre of interest in the recent years (Ferreri et al. 2017;
Kashif et al. 2013; Amouroux et al. 2013). Thus, many
studies, based on multi-agent systems (MAS), proposed
models to simulate human activity and electrical energy
consumption. These models allow a precise simulation of
human activity, which is a key factor for electrical energy
consumption prediction.
For instance, (Ferreri et al. 2017) used a method based on
a psychological model which represents the habits of the
inhabitants. This method allows the authors to produce
load curves based on the use of electrical appliances.
However, the building thermal behaviour is not simulated.
On the contrary (Kashif and al. 2013) proposed a cosimulation where the building and the human activity
were simulated. Human behaviour is simulated thanks to
Brahms platform (Sierhuis et al. 2007) which supports a
fine-grain description of the appliances electrical
behaviour. However, this model does not include energy
self-consumption and the possibility to simulate exchange
between different households.
The approach proposed by the SMACH project
(Amouroux et al. 2013) is based on two main components.
First, SMACH simulates the human activity by combining
fine-grain automated reasoning with statistical behaviour
studies (Reynaud et al. 2017). The second component is
the multi-zone thermal model of the building, which
simulates indoor temperatures and energy consumption.
The building is modelled using the BuildSysPro Modelica
library, and the SMACH platform and the building energy
model are co-simulated using the FMI standard (Plessis et
al. 2014). But energy self-consumption and energy
exchanges between buildings had not been implemented
in these models yet.
Simulation of energy self-consumption
The various research conducted so far about energy selfconsumption (SC) has focused on improving SC rate of
households. The SC rate is usually defined as the ratio of
the locally generated energy and energy consumed by the
producer during a certain amount of time. (Luthander et
al. 2015) reviewed photovoltaic simulations for
households and studied various methods used to improve
the energy SC rate. They proposed two solutions based on
Demand Side Management and storage technologies.
(Braun et al. 2009) studied the impact of using a local
battery on the energy self-consumption rate and showed
that the amount of local energy consumption can reach
82% for an individual household. The authors also
simulated the energy generation of an empirical PV panels
model (based on real data sets) during one-year. However,
the authors did not use simulation in order to get
consumption data, they used statistical energy
consumption profiles for three types of household.
Likewise (Munkhammar et al. 2013) used yearly
simulation results to demonstrate that the use of electric
vehicles as batteries can improve SC rate by 37%. The
method used by the authors for the calculation of energy

SC was a stochastic model based on a Markov-chain and
a simple PV model based on solar irradiance data.
However, energy storage systems and Demand Side
Management are not the only way to improve the energy
SC rate. With a self-generated energy, it becomes possible
for the household to exchange energy with the
neighbourhood. The smart grid (SG) technology which
can be defined as a network with a bidirectional flow of
electricity and information (Farhangi 2010) allows this
kind of exchange process. The current research about
energy trading focuses on studying algorithms to
exchange energy. (Tushar et al. 2018) worked on the
ability of algorithms based on a game theory approach to
regulate energy exchanges. In addition (Yaagoubi and
Mouftah 2017) used a non-cooperative game algorithm to
exchange energy between households. They proposed a
fair algorithm to trade energy, which means that two
households buying local electricity with the same
parameters will pay the same price to the producers.
However, the various models previously described do not
simulate the link between energy SC and human activity.
Most of the time, the human activity models do not
include the capacity to simulate the energy SC or energy
trading; and the simulation of energy self-consumption is
mostly based on a static energy consumption data without
any human activity model.
Concerning energy trading configurations related to
energy self-consumption, the study of the literature
associated to our first surveys led to a first set of
categories of exchange policies between households:
• Distribution policy: each household is allowed a fixed
rate of energy from each means of production;
• Cooperative policy: the energy produced in the
neighbourhood is shared between the households
within contractualised rules;
• Competitive policy: the energy will be bought and
sold on an energy market where buyers and sellers will
interact to exchange energy.
Within this general framework for energy selfconsumption, in which we develop our models and
analyses, this paper focuses on one of the identified
cooperative policies, as a first implementation for the
interaction of self-consumption and human activities in
households. In this case study, the use of energy storage
systems is not yet considered, but will be added in the
following studies, as literature and demonstrators already
suggest it has an important impact on self-consumption
rate and exchange policies.

Simulation of human activity
In our work, the simulation of human activity linked to
energy consumption is carried out by using the SMACH
platform.
In this platform, software agents represent the individuals
of the households. Each agent’s runtime consists in
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selecting daily tasks to do. The sequence of tasks, chosen
by the agent each minute, produces an activity diagram.
Moreover, the various activities of the inhabitants are
linked to electrical appliances, which consume electricity.
As a consequence, the simulator is able to generate load
curves associated to the activity diagram (Figure 1 and
Figure 3).

Figure 1: Load curve and activity diagram generated by
SMACH
In the next sections, we briefly present the two main
dimensions of the simulation, namely the activity model
and the agent model:
The activity model
The initial challenge of the SMACH platform was to
produce activity diagrams, on a daily basis, which are
realistic representations of human activities throughout
the day, and consistent with the different household.
SMACH needed also to be able to generate variability in
the occupant activities from day to day (Feldman and
Pentland 2003), in order to simulate a realistic year.
To achieve this goal, SMACH uses a data-oriented
approach based on the results of Time Use Surveys (TUS)
(see Reynaud et al., 2017). These surveys consist in 27000
notebooks, on which the 18500 participants wrote their
current activity every 10 minutes over a complete week
and weekend day. A typology of activities turns these
notebooks into a database of human profiles (age,
employment, social class, etc) related to the described
activities.
The SMACH simulator first generates realistic synthetic
households, based on national statistical databases of the
population. Each household is composed of one or several
agents characterized by their profile (age, socioeconomic
class); the building they live in is characterized by its date
of construction’s thermal regulation, and its appliances.
SMACH also computes the following statistical
information from the TUS, for each individual profile and
for each possible task the individual can choose to
perform:
• The task rhythm, i.e. the average number of repetition
of the activity by day or by week.

• The task preferential periods i.e. indicate the periods
of the day (or the week) which are favoured to perform
the activity.
• The task duration: minimum duration and maximum
duration of the activity.
For example, SMACH can extract from the TUS that an
upper middle class individual, active, between 20 and 40
years old, living in a household in a specific city would do
his shopping once per week, usually around 8:00PM, with
a standard deviation of 1 hour and with a duration of 30
minutes with a standard deviation of 15 minutes.
This set of possible tasks is a part of description of the
household. This provides a static description of the
household’s everyday life.
The agent model
The second part of the SMACH simulator consists in
transforming this static description into a dynamic
simulation.
At each time step of the simulation, the agents select a task
to perform. This selection is made by a mechanism based
on dynamic priority levels. The priority levels are
modified by parameters which influence the choice of the
activity. For example, the current time and the number of
previous realisations of the activity, depending on the
rhythm and the preferential periods, impact the task
selection. The selection mechanism also avoids
oscillations between similar tasks, and considers the tasks
performed by the others members of the household to
satisfy dependency constraints between tasks, and to be
able to perform collective activities. The current price of
electricity can also lead agents to select less energy
consuming tasks during peak-time periods, depending on
the household’s internal energy policy.
A task dynamically selected from the static tasks pool
becomes an action, and is performed by the agent. By
realising this action, one agent will also exchange
information with the others inhabitant of the household
Evaluation
The validity of the resulting simulations has been verified
by comparing the activity diagrams and the consumption
of simulated families with real families (Huraux et al.
2015). The authors used a participatory simulations
approach in which participants control the different agents
in the household by selecting their activity manually. The
participants validate the agent model by comparing the
simulated activity diagram with the real activity diagrams
obtained through participatory evaluations. The load
curves generated by SMACH were also successfully
compared to the real measured load curves.
(Reynaud et al. 2017) also validated the activity model
and the agent at larger scale. They generated a large
amount of activity diagram with SMACH and compared
the result with the notebook obtained though the Time
Use Surveys. The authors showed that the activity
diagrams simulated by SMACH, are similar to the actual
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Figure 2: SMACH model with the addition of collective self-consumption
activities from a statistical point of view, with some
variability at the individual level. Aggregated load curves
produced by SMACH were also compared to aggregated
open data load curves from the electric distribution grid,
showing a statistical accordance of the platform’s results.

Model for collective energy self-consumption
Our contribution is to integrate energy self-consumption
and energy exchange into the SMACH models.
Figure 2 illustrates the general workflow of the SMACH
simulator (blue boxes of Figure 2). Starting from the static
description of the household, the agent model select a task
to perform an action. This action will use electrical
appliances. The simulation will compute their
consumption and energy cost depending on the current
tariff.
The inclusion of the collective energy self-consumption is
achieved by adding three new components (orange boxes
of the Figure 2). First, we implemented a PV panels
simulator. Second, we defined energy self-consumption
rules for the appliances. Finally, we defined an energy
exchange policy and an energy exchange model for the
households.
Adding PV panels to simulate self-consumption
The building thermal model coupled with SMACH
platform was initially developed with the Modelica
language and the BuildSysPro library (Plessis et al. 2014).
This model is a detailed multi-zone thermal model. For
the implementation of the PV panel model, we decided to
use the same model library for its simplicity when
defining electrical-thermal interfaces.
The model simulates a crystalline silicon PV panels. Its
inputs are the weather file, and it computes the generated
electrical power (in kW) according to the following
parameters:
• Surface

• Azimuth
• Cleanliness of the panel
The model of the PV panels is used as a different
Fonctional Mock-up Unit (FMU) than the building itself,
yet can be interconnected with the building energy model.
This allows us to modify the PV panels model and the
building thermal model independently, and to pre-process
PV generation if needed.
Evolution of the energy consumption model
We changed the way the various electrical appliances of
the household consume the energy produced by the PV
panels. Figure 2 shows that the generation of local energy
does not affect the agent model as well as the activity
diagram. At the stage of the study, only the impact of
collective energy self-consumption on the Electric Water
Heater (EWH) is studied. This choice was motivated by
the fact that this appliance is automatically turned on or
off according to the price of the electricity and the
temperature of the water. Moreover, excluding electric
heating, the EWH is one of the main sources of electrical
consumption in the house (Pérez-Lombard et al. 2007).
In our extended model, the EWH will be turned on as soon
as the PV panels produce a sufficient amount of energy.
If the energy generation is above a threshold, the EWH
will use the available energy to heat the water. As an
example, an EWH with a nominal power of 2000W would
use the PV electricity if the PV panel’s power exceeds
1000W. The EWH is given propriety over the other
appliances for the consumption of PV electricity. With
this operating mode, we guarantee that the EWH will have
the necessary energy to operate.
For the other electrical appliances, first, the energy need
of all the appliances is evaluated. Then, we deduce the

• Tilt
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Figure 3: Example of activity diagram of members of household A, B and C
remaining available PV power after the consumption of
the EWH.
The EWH can still operate during low-cost energy time
period or whenever the water temperature is critically
low. In these cases, it will use the electricity from the
distribution grid.
Modelling exchanges between buildings
To implement collective energy self-consumption, the
definition of prosumer as defined by (Tushar et al. 2018)
is used. Each building in the current simulation can
exchange information about the household energy
consumption and generation for energy sharing.
Five different states in the process of energy selfconsumption are defined:
1. The prosumer consumes his own production;
2. The prosumer consumes the excess of energy of his
neighbours;
3. The prosumer sends the excess of energy from his
own production to his neighbours;
4. The prosumer consumes energy from the network;
5. The prosumer sells energy to the network.
The decision of sharing energy depends on the exchange
policy agreed by each household. As mentioned in the
Related Works, three types of policies namely
distribution, cooperative and competitive were identified.
The policy affects the amount and price of the energy
exchange.
In this first implementation, we focus on the interactions
between households with one producer and several
consumers, considering states 1, 3 and 4 in the prosumer
model. We used an additional model to coordinate the
energy exchanges, without simulating the behaviour of an
energy trading place in detail.
From the generic framework described above, a
cooperative policy in which the producer gives all his
excess of energy to his neighbours was adopted, as a first

case study. In this model, the consumers will consume all
the energy excess they can absorb.
The model consists in two steps. First, the simulation of a
time step with only the producer is carried out. He will
generate energy with his PV panels and consumes energy
according to his activities. Then, he sends a message to all
the consumers with the remaining amount of energy.
Second, the same time step for all the consumers is
simulated. The consumers use the information about the
remaining available energy to support their own energy
consumption decisions. They notify to the producer the
amount of the energy produced by the PV panels they
used during this time step.
All households use the same priority model of energy
consumption for the shared PV energy: EWH first, then
the other appliances.

Case study and results
Context of simulation
The SMACH simulator has the capacity to generate large
scale synthetic households and building energy models.
The implementation of collective self-consumption at a
large scale is part of our current work.
However as a first step, we considered three individual
households A, B and C of the same neighbourhood in the
city of Nice, France. The three houses are presented in
Table 1 and the three families in Table 2.
Two active families (households A and C) and one family
of retired inhabitants (household B) are simulated. The
households are generated based on the Time Use Survey.

Table 1: Description of the three houses
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The possible activity diagrams of each household are all
different, however households A and C present
similarities, like the fact that the members of the
household go to work during the day (Figure 3).
Household A is an energy producer thanks to its PV
panels. Households B and C are consumers. For the
producer, the PV panels characteristics are the following:
• Area : 20 m²
• Tilt : 30°
• Azimuth : South
The power of the PV panels is 2.5 kWp (kilo Watt-peak).
Houses A, B and C have no electrical heating.
Using these models, we assessed the impact of this
collective energy self-consumption strategy on the energy
consumption of the different families.
We modelled the PV so that the energy generation of
household A is sufficient to support a part of the energy
consumption of household B. These two families are
different in terms of activities. The family of the
household A is mainly outdoor during the day when the
main part of the local energy is produced whereas for
household B the family is indoor during the day

Table 2: Description of the three households
Impact of self-consumption

its energy consumption during the period of energy
generation from the PV panels.

Figure 5: Energy consumption of household A with PV
panels energy generation
When there is PV energy generation, Figure shows that a
certain amount of the EWH is shifted from night to day.
The EWH consumes less energy from the network. The
total energy consumption of the appliances in this second
simulation is 180 kWh for one month of simulation. Even
if the Household is the same, the two activity diagrams of
the two simulation which lead to Figure 4 and to Figure 5
are different. This is inherent to the multi-agent
simulation which introduces variability from week to
week. That is why the total consumption is not the same.
During one month, household A consumes only 40% of
its available PV energy. The energy excess is returned to
the network. However, this energy excess could be used
as part of exchanges with other households.
Impact of collective energy self-consumption

Figure 4: Energy consumption of the EWH and the other
appliances without PV panels for the household A
Figure 4 shows the energy consumption of the EWH and
the other appliances of the household A during one day,
without PV panel energy generation. The EWH is only
turned on during the off-peak period of the household A,
when the price of electricity is cheaper. The total
electricity consumption of the appliances is 165 kWh for
one month of simulation.
The addition of SC aims at decreasing energy
consumption of the EWH from the network, and shifting

Figure 6: Energy consumption of household B with
exchange
Figure 6 shows the consumption of household B while
household A exchanges its excess of energy. The energy
consumption of household B occurs mainly between
10AM and 5PM. The EWH energy consumption is the
highest during this period. During the night, the EWH is
turned on in order to maintain the water set point
temperature. The energy consumption in the evening is
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used to balance the water use by the inhabitants for their
activities (cooking and washing).
The exchange allows covering 38% of the energy
consumption of the household B. In addition, it provides
62% of the household A energy to the other houses. So
the energy production of one household is sufficient to
cover a large part of the energy consumption of the other
households thanks to the exchange.
However, 38% of the household A energy is still unused.
Within this cooperative redistribution strategy, we add
another house in the exchange, namely household C. This
household will consume the excess of energy from
household B and more precisely 38% of the household A
energy production.
Figure 7 shows the energy consumption of household C
during one day. The profile of the load curve of this house
is similar to the load curve of household A. But by looking
more closely, only 24% of the total energy consumption
is provided by the energy exchange with household B and
61% of this energy is consumed.

Figure 7: Energy consumption of household C with
exchange
The amount of energy received by household C is low
since households A and B consume most of the locally
generated electricity.
Moreover, there is always energy that remains unused
despite the implementation of the exchange. The gain for
household C is limited due to the fact that members of the
family work outside during daytime, hence the
importance of taking precisely inhabitants activities into
account. A total of 83% of the energy generated by
household A is used locally in the neighbourhood
(compared to 38% when there are no energy exchanges
with household B and C).

Conclusion
We presented a collective energy self-consumption model
coupled with local energy generation by PV panels. A
model of energy exchanges between one producer and
two consumers was simulated. This model is based on the
SMACH platform which simulates realistic human
activities and energy consumption of households.

The energy consumption of the EWH calculated for
household A remains high even with the PV panels, as
38% of the energy consumption comes from the
distribution network. This energy is consumed mainly
during the night while there is no PV generation. In this
first use case without energy storage, the amount of PV
energy household A consumes is independent of the
energy exchange process with household B and C, as he
is the only producer and distributes the remaining energy.
Collective energy self-consumption must be used in order
to improve the use of locally generated electricity at the
district scale.
The general framework and the case study results led to
the conclusion that collective energy self-consumption
could be relevant for optimizing the use of local energy
generation. Moreover, for each energy exchange policy
identified in our general framework, energy consumption
from local generation or exchange could be increased or
optimised through various means, that will be studied in
the next steps of our work.
One solution would be to encourage inhabitants to shift
some activities or appliance use during the period of
energy generation, through information or incentives.
However some activities would be difficult to shift, such
as fridge operation or lighting. In existing buildings,
energy consumption due to TV, computers, cooking and
cleaning only represents 10% of the total energy
consumption of the households. In this case, the energy
saving brought by the use of PV panels could be low. But
the situation could be different for low-energy buildings,
for which electrical appliances have a greater importance
in the energy balance.
Another solution is the use of an energy storage system in
order to store the energy provided by the PV panels. The
use of energy storage systems will be include in the study
as it will influence energy exchange and consumption. We
plan to simulate both collective and individual energy
system storage since they impact the energy consumption
differently.
We presented a first implementation of our collective selfconsumption framework. The overall goal of this work is
to create a model able to study a wide variety of collective
energy
self-consumption
configurations.
These
configurations will include:
• Various energy exchange policies within a
neighbourhood, and between neighbourhoods;
• Electricity prices and their impact on behaviour and
energy consumption (the price of locally generated
and exchanged electricity, the price of energy storage,
and the market price of energy);
• Various equipments related to local energy generation,
including those dedicated to energy storage.
The simulation of numerous clusters of households with a
collective energy self-consumption policy is also a goal of
this work, with several identified strategies, using
simplified building models and energy exchange places,
where the energy exchange is done at a contractual level.
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Abstract
In the last years, researchers and energy utilities are
showing a rising interest in the study and definition of
actual buildings’ energy uses. A key aspect of this
investigation is the description of daily energy use
patterns and their variability over the time. This paper
discusses the application of machine learning techniques
for pattern recognition with the implementation of a SelfOrganizing Map (SOM) algorithm coupled with a kmeans clustering algorithm on a dataset of registered
electrical energy use in a residential building located in
Milan. In the study, five clusters emerged with different
daily patterns, that can be ascribed to different uses of
electric appliances by people inside the flats.

Introduction
The European Union, with the directives and regulations
of the last decades, is highlighting the importance of
increasing the energy performance of new and existing
buildings (Panapakidis et al., 2014). In Italy, in 2016, the
most financed energy conservation measure, with
1,17 billion euros spent, was the installation of heat
pumps, together with new lighting systems and the
increase of thermal insulation of building envelopes.
(Joule Assets Europe, 2017). Thus, new and renovated
efficient buildings are implementing electricity not only
for lighting and appliances, but also for HVAC purposes.
Indeed, during the last years, also due to the increase of
competitiveness in electricity markets, utility companies
are facing new challenges to decrease service costs, while
maintaining a high-efficiency distribution (Chicco et al.,
2004). Accordingly, energy management in buildings is a
fundamental issue to improve energy efficiency, comfort
and equipment life, as well as in reducing energy
consumption and operational costs (Capozzoli et al.,
2018). The temporal assessment of electricity use is of
major importance also because it is still expensive to store
it, and thus, it is usually produced at the consumption rate
(Rhodes et al., 2014). It is fundamental for utility
companies to maintain and improve their services
continuously, to guarantee a sufficient energy supply to
communities (Tso and Yau, 2007). In this electricity
scenario, it is highly desirable for decision-makers, to
identify and study the electrical behaviour of customers
(McLoughlin et al., 2015). The installation overall Europe
of advanced metering infrastructures, such as building

automation systems, Internet of Things solutions, smart
meters and smart grids, is increasing the information on
energy usage that can be registered and analysed (Rhodes
et al., 2014). This quantity of collected raw data requires
suitable processing and insight to extract fit for use
information (Panapakidis et al., 2014). The datasets,
which typically have 15-minute or 1-hour granularity
(Rhodes et al., 2014), could be exploited to study the
dynamic behaviour of electricity use (Capozzoli et al.,
2018). To help the energy management of buildings, data
mining techniques are available and beneficial tools. For
example, clustering algorithms (a typical machine
learning technique), are an effective approach to analyse
time series data to extract pattern and recurrent
behaviours (Rhodes et al., 2014).
This paper will focus on the application of machine
learning techniques for pattern recognition with the
implementation of a Self-Organizing Map (SOM)
algorithm coupled with a k-means clustering algorithm on
a registered dataset of electrical energy use. The case
study is a residential estate composed of two buildings
located in the South-East area of Milan, comprehending
approximately 70 flats. While industrial parks and offices
show regular operation behaviour due to working hours
and closing days, thus are well documented (Capozzoli et
al., 2017; Chicco et al., 2004; Dudek, 2016), the
residential sector remains a more complex and unexplored
area of study. The electricity patterns of residential loads
depend from numerous variables, such as the number of
people composing the family, as well as their activity,
age, lifestyle, installed equipment, and appliances
(Chicco, 2012). These characteristics are intrinsically
stochastic and bring to a variety of daily patterns that
cannot be easily analysed. Occupats’ behaviour can bring
to great differences in energy use among the same
typology of buildings (Carlucci et al., 2017; O’Brien et
al., 2017). For this reason, in the last years, researchers
started to analyse data registered by energy companies
and to exploit the results to improve the description of the
stochastic nature of energy use in buildings (Carlucci et
al., 2016). In particular, energy modellers could take
advantage of these results to create internal heat gain
schedules due to electrical energy uses to be used in
dynamic simulation software.
In literature, numerous researches deal with the clustering
and classification of electrical energy use datasets,
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however, they are mainly focused on large-scale (citylevel, regional, state (Deshani et al., 2014; Dudek, 2016;
Tsekouras et al., 2007)) and/or non-residential buildings
(Chicco et al., 2004; Hernández et al., 2012).
Unsupervised machine learning algorithms are the typical
method to identify patterns in datasets with any prior
knowledge (Capozzoli et al., 2017).
Even in the less numerous researches about residential
buildings, machine learning algorithms emerged as the
leading method to perform pattern recognition of energy
and electrical uses (Ali et al., 2016; McLoughlin et al.,
2015; Rhodes et al., 2014; Viegas et al., 2015). Data
mining and unsupervised machine learning methods fitted
in the specific case study reported in this paper, because
of their capacity of reducing noise in datasets and
identifying patterns in multi-dimensional data. The case
study here presented concerns a data sample of a
residential building with 24 flats and no surveys.

to determine any evident pattern in the data to create
clusters. As last step in getting to know the dataset, a
kernel density estimation was built for each of the 24 flats.
Graphs may be observed at the example Figure 4.

Figure 1: The Line Plot #4 Flat (original).

Dataset
The dataset presented in this paper concerns the
anonymous registration of electrical uses, with a 15minutes time step, from the 1st of February to the 31st of
August 2016, for 24 flats in a residential estate. The multistorey building built in the ‘80s, is part of the public
housing stock owned by the Municipality of Milan that
accounts for about 27 945 flats and 50 500 inhabitants (i.e.
24 684 families) (MM 2014). The population of the public
housing stock includes people with different ages: 0-14
(8,36 %), 15-18 (4,49 %), 19-25 (23,50 %), 46-65 (30,54
%), over 66 (32,90 %). A few different nationalities are
also represented, with the following share: Italy (83,17
%), Egypt (2,91 %), Morocco (2,30 %), Philippines (1,56
%), Sri Lanka (1,12 %), Peru (1,08 %), Ecuador (0,85 %),
other (7,01 %). The multi-storey building follows the
characteristics of the building stock, although a specific
ethnographic analysis of its population is not available.
Since it is made of raw data collected onsite, the database
accounts some missing values and possible recording
errors. Initially, the dataset has been investigated with
Python 3.6 via Jupyter notebook. For this step, the
following packages were used: pandas, matplotlib.pyplot
and numpy. The loaded dataset has been converted to
YYYY-MM-DD hh:mm:ss series format, according to
ISO 8601, and all missing values have been changed to
NaN (Not a Number). Afterword, line plots have been
built for three, randomly chosen, flats. This step makes
easier to track missing values in the collected data and to
get insides on data spread. As result, in the example
Figure 1, it is possible to spot abnormal ‘jumps’ among
available data. After further checks, it was determined
that, during dataset creation, some data were organised in
the wrong order. To overcome it, data have been sorted
using the sort_index command. This step helped to
organize data flow with respect to the day and the time.
The new line plots are presented in the example Figure 2.
Scatter plots have been, then, built to describe the overall
distribution of energy use during the period of recording.
As it can be seen in Figure 3, data distribution for each of
the apartments has a high variation, and it is not possible

Figure 2: The Line Plot #16 Flat (sorted).

Figure 3: Scatter Plot for 24 Flats.

Figure 4: Kernel Density Distribution Flat 14-17.

Methodology
The aim of the study is to derive from the raw registered
data of electric use, different daily clusters resulting from
different households’ features and occupants’ habits. The
daily load curves present in the dataset will be clustered
into few meaningful groups, each described by the first,
the second and the third quartiles. These three curves will
define three different scenarios of occupants ascribed to
austere, normal and wasteful users. To implement the
steps of the methodology, IBM SPSS Statistics 24 and
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MATLAB R2017a are used. Figure 5 shows a schematic
of the followed methodology.

Figure 5: Methodology Schematic.
Data processing
Clustering
Data processing is the first and fundamental phase to
Clustering means grouping a dataset into a N number of
obtain meaningful results. Usually, the collected raw data
clusters Ci, I = 1, 2, …, N. To solve the clustering
problem, a two-level approach is implemented, that is
is incomplete and contains errors; therefore, several steps
formed by a combination of the SOM (Mitchell, 1997)
are required to create a working dataset that can be used
and k-means (Piech, 2013) algorithm. The coupling of the
for statistical analyses. The steps are: (i) data cleaning,
two methods is effective to minimize the errors, the
consisting of identification of outliers and inconsistency
computational cost and to reduce the noise in the dataset
removal; (ii) data reduction/discretization, that helps in
(Hernández et al., 2012; Vesanto and Alhoniemi, 2000).
simplifying data, while maintaining the meaningful
The SOM creates protoclusters that are then grouped with
characteristics; (iii) data transformation, consisting in the
the k-means in the final clusters. The protoclusters consist
normalization or aggregation of data; and, (iv) data
of local averages of the original samples and, thus, they
integration, where multiple datasets and attributes are
are less sensitive to outliers. The set-up of the SOM
unified into a single useable format.
algorithm, particularly the number of final protoclusters
Data understanding
in which the dataset should be subdivided, is a
Data understanding gives an insight into the dataset
fundamental step that can ease or jeopardize the results.
through statistical techniques and basic summaries. The
In this paper, a 2-dimensional map with hexagonal lattice
goal is to comprehend the dataset features and the
is used, sized with the heuristic formula suggested by the
relations between the different variables. The hypothesis
SOM Toolbox for MATLAB Report (Vesanto et al.,
is that some drivers (characteristics of the family or of the
2000):
apartment) can trigger and hence explain the use of
𝑚𝑚 = 5√𝑛𝑛
(1)
electricity in the residential sector. Thus, some statistical
analyses are performed to validate this hypothesis. The
in which 𝑚𝑚 is the final number of protoclusters, 𝑛𝑛 is the
data understanding is organized into four steps: (i)
number of data sample given as input. The ratio of the
statistical analyses of the possible drivers (using
side-lengths of the lattice is set as the ratio between the
univariate analysis, descriptive statistics, graphs to
two biggest eigenvalues of the covariance matrix of the
describe and explore the data) ; (ii) correlation analyses
given data, and the actual side-lengths are then set so that
among drivers (using Pearson and/or Spearman
their product is as close as possible to the desired 𝑚𝑚.
correlations, T-test analysis and ANOVA analysis); (iii)
Moreover, a normalization on the daily maximum is
statistical analyses of the registered data (using univariate
performed to improve the results. To help in defining the
analysis, descriptive statistics, graphs to describe and
number of clusters resulting from the k-means algorithm
explore the data); (iv) correlation analyses between the
the Davies-Bouldin Index is used. After several analyses,
registered data and the possible drivers (using Pearson
the number k of the final clusters in the k-means was fixed
and/or Spearman correlations, T-test analysis and
at 5.
ANOVA analysis).
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Results and discussion
Data processing
During this phase, the records affected by inconsistency
are deleted. Overall, 12 % of the dataset is missing or
affected by errors and the registrations for flat 3 and 13
are completely missing, because, respectively, with
closed contract and empty. Regarding the reduction of
data, the time-step is increased from 15 minutes to 1 hour;
thus energy records, being extensive variables are
accumulated for each hour. This action also allows
reducing the impact of possible eluded outliers.
Afterwards, numerous drivers that are proved to influence
the electric use in residential buildings are identified from
the scientific literature and contrasted with the data
available in the dataset. Table 1 summarizes the results of
this analysis and shows the final exploitability in this case
study. Table 2 reports the drivers that are integrated into
the dataset with intervals of variation or options in order
to run statistical analysis.
The used weather dataset is given by A.R.P.A.
Lombardia. Precisely, the weather station of Via Juvara in
Milan (Agenzia Regionale per la Protezione
dell’Ambiente della Lombardia, 2019) is used (the closest
registration point to the building site). The registrations
include the External-radiation, the External-temperature
and the hourly cumulative Precipitation. The Month,
Day-of-the-month, Day-of-the-week, Hour-of-the-day are
just temporal annotative variables that can help to
understand the general trend of the electric use. The
distinction between Workdays or Not-working days is set
in accordance with the national holidays of the year 2016
and counting Saturday and Sunday as not working days,
since usually, people in Italy go to work from Monday to
Friday. The driver Season-heating/cooling is set
according to Art. 9 of D.P.R. 26/08/93 (Presidenza della
Repubblica Italiana, 1993). Milan, belonging to the
climatic zone E, is characterized by a heating season that
starts on the 15th of October and ends on the 15th of April.
The driver Day/Night, Day is related to the time in which
there is solar radiation during the shortest day of the year
(from 8 a.m. to 4 p.m. on the 21st of December), whilst
Night is set as the hours without solar radiation in the
shortest night of the year (from 10 p.m. to 4 a.m. on the
21st of June). A third group is composed by the hours in
between, that can change to be day or night during the
year. In the building under study, bi-hourly tariffs
contracts are used, thus electricity costs less during the
nights, weekends and national holidays; the Availabilityof-cost-of-electricity driver explicates this. The
Orientation, Flat-number, Floor-number and Number-ofbedrooms, floor-area are all drivers used to describe the
position of the flat in the building and its characteristics.
Data understanding
In this step, the dataset is investigated through
visualization graphs, descriptive statistics and correlation
tests, to understand its characteristics and the relations
among data samples. Along the registration period, the

electric use of the building decreases. However,
calculating the hourly mean electric load per Month, July
shows an hourly average comparable to February; January
shows the highest value, whilst, August the lowest ones.
Calculating the hourly mean electric load per Day-of-theweek, it is clear that the weekends correspond to a higher
hourly average value compared to the weekdays, probably
due to the increase of time spent at home by people. The
daily curve of the hourly electric use of the building gives
a first glimpse in the general usage pattern. The minimum
use is registered around 4 a.m. in the early morning. The
electric use increases till lunchtime around noon and stays
constant during the afternoon, increasing again, till the
maximum, that is registered in the evening, between 7 and
10 p.m. This period shows higher values than the rest of
the day, but it is in line with the Italian lifestyle, i.e. people
coming home from work in the evening, cooking dinner,
using artificial lighting and leisure electric equipment
(e.g., television, computers and radio).
The Spearman's rho correlation test is exploited in this
case study because, working in ranks, it is able to evaluate
the monotonic relationship between two continuous or
ordinal variables. In the results, just weak or very weak
correlation coefficients are registered (Rumsey, 2016). A
moderate and an almost moderate correlation (0,39 and
0,29) is registered respectively with the number of rooms
and with the floor area, justifiable with the probability of
a higher number of installed electric appliances in larger
flats.
Clustering
In this section, the results of the two-levels approach
composed by a SOM with the k-means algorithm are
described. The final size of the SOM lattice is 8 x 42, for
a total of 336 protoclusters. Before running the k-means
algorithm the average of the normalized daily use in each
protocluster is calculated. The final five clusters are
shown in Figure 6. The light-grey lines represent the
protoclusters in each cluster, and for each, the first, second
and third quartiles are underlined.
The SOM plus k-mean method is able to subdivide into
groups, days with similar daily patterns. 28 % of the days
of the original dataset are grouped in cluster 5, 25 % are
in cluster 4, 20 % are in cluster 1, 14 % are in cluster 2,
and 13 % are in cluster 3. The green line is used for the
first quartile and it could be the representation of the
austere users (Q1 in the legend), the blue line represents
the second quartile and the normal users (Q2 in the
legend) and the orange line represents the third quartile
and the wasteful users (Q3 in the legend).
Figure 7 shows the distribution of the five clusters in each
dwelling. Flat number 9 and 19 are represented for more
than 80 % of the days from just one cluster, respectively
number 5 and 1. Others (i.e., numbers 6, 7, 12, 13, 14, 17)
are mainly represented by two clusters. On the other hand,
for some flats (e.g., number 1, 4) none of the five clusters
is predominant respect to the others.
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Table 1: List of drivers that can affect the electric energy use with related references.
Class of drivers
Location/Weather/Habit

Driver
Reference
(Mardaljevic et al., 2009)
External radiation♠
(Sandels et al., 2015)
External temperature♠
(Paatero and Lund, 2006)
Workdays / Holidays♠
(Buttitta et al., 2017)
Day of the week♠
♠
Precipitation
♠
Cost of electricity
(Paatero and Lund, 2006)
Hour of the day♠
(Paatero and Lund, 2006), (Sandels et al., 2015)
Heating/Cooling season♠
(Galvin, 2016)
Renewables energy source available on site♦
(Capasso et al., 1994)
House demand limit♦
Flat and physical
(Mardaljevic et al., 2009)
Main orientation♣
characteristics
(Menezes et al., 2012)
Floor number♣
(Yohanis et al., 2008)
Number of rooms♣
(Yohanis et al., 2008)
Floor area♣
♦
(Yohanis et al., 2008)
Typology
♦
(Sandels et al., 2015)
Insulation level
♦
(Mardaljevic et al., 2009)
g-Value
(Tzempelikos and Athienitis, 2007)
Shading type♦
Indoor environmental
(Sandels et al., 2015)
Indoor air temperature♥
parameters
(Mardaljevic et al., 2009)
Daylight Factor♥
Individual or family feature
(Capasso et al., 1994), (Yohanis et al., 2008)
Number of people♥
(Capasso et al., 1994), (Yohanis et al., 2008)
Sex♥
(Shimoda et al., 2004)
Age♥
♥
(Capasso
et
al., 1994), (Yohanis et al., 2008)
Income
♥
(Capasso et al., 1994), (Yohanis et al., 2008)
Occupation
(Tzempelikos and Athienitis, 2007)
Shading operation♥
(Menezes et al., 2012)
Appliances Efficiency♥
(Clement-Nyns et al., 2010)
Availability of an electric car♥
(Capasso et al., 1994), (Menezes et al., 2012)
Kind and number of Installed equipment♥
♥ drivers that are not available.
♦ drivers that are not exploitable in this case study because they are constant all over the dataset.
♠ drivers that are exploitable in our data sample and mark a difference among hours.
♣ drivers that are exploitable in our data sample and mark a difference among flats.

AMONG
FLATS

AMONG HOURS/DAYS

Table 2: List of selected drivers and their features.
Name

Unit of measure

Type of variable

External-radiation
External-temperature
Precipitation
Month
Day-of-the-month
Hour-of-the-day
Day-of-the-week
Day/Night
Workdays/Not-working
Season-heating/cooling
Availability-of-cost-of-electricity
Orientation
Flat-number
Floor-number
Number-of-bedrooms
Floor-area

W/m2
°C
mm
m2

Continuous
Continuous
Continuous
Categorical
Categorical
Categorical
Categorical
Categorical
Binary
Binary
Categorical
Categorical
Categorical
Categorical
Categorical
Continuous

Range of variation

- Continuous [Interval, step]
- Categorical {discrete values}

[0 ≤ x ≤ 931,3]
[1,6 ≤ x ≤ 33,8]
[0 ≤ x ≤ 29,6]
{2-8}
{1-31}
{0-23}
{1-7}
{-1; 0; 1}
{-1; 1}
{-1; 1}
{-1; 1}
{1-4}
{2; 4-7; 14-29}
{0-3}
{1; 2; 3}
[37,9 ≤ x ≤ 95,3]
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Figure 6: Scenarios and protoclusters in each cluster.

Figure 7: Distribution of clusters for each household.
Description
cluster 1, but the third quartile shows higher values, that
reach almost 500 W. The load rises around 8 a.m. and then
Cluster 1, in Figure 6, is characterized by all the days with
increases progressively during the afternoon with
no evident peaks. These types of daily loads could be
maximum uses around 6 p.m. This cluster could be
representative of the days in which the house is
representative of days in which the occupants go out in
completely empty or the ones in which the dwellers are at
the morning and gradually go back home during the
home constantly, but using not so many electric
afternoon. This could be a family with children, that go
appliances. For example, a couple of retired people could
back to school in the afternoon, and preparing dinner
stay at home all day long but using a few electric devices.
around 7 p.m. Looking at the protoclusters, which visually
Around lunchtime and in the evening, the first graph
appear noisier, the same trend is present, and just a few
shows, in all the three quartiles, a slight increase in the
days show peaks during lunchtime and in the late evening.
electric demand.
Cluster 3, described in Figure 6, shows a daily load
Cluster 2, shown in Figure 6, presents a two-peaks daily
without very high peaks. This cluster is characterized by
load. The average electric use is not far from the value of
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a low consumption all day, with a small peak in the
morning around 7 a.m., but quite high values during the
night. This cluster could be representative of people that
are out all day long, going out in the morning and coming
home in the late evening, having dinner outside or around
9 p.m. The increase in the electric load during the night
could be attributable to the use of a washing machine,
dishwasher and/or appliances used for leisure in these
hours.
Cluster 4, in Figure 6, shows peaks during the evening,
around 8 p.m. This daily load could be typical of dwellers
that are out in the morning, and in the afternoon. In terms
of pattern and values it is not very different from cluster
1, except from the absence of the morning load and the
shifting of the evening peak from 7 p.m. to 8 p.m. This
could be an indication of different habits in the same
typology of family composition. For example, cluster 1
could be characterized by electric usage during the
morning, such as for the television, radio, razors, or
kitchen tools, differently from cluster 4. In addition, the
dinnertime could be different for the two cases. Even if
the general trend is similar to cluster 1, cluster 4 shows a
higher difference in terms of hourly values along the day.
Cluster 5, shown in Figure 6, is characterized by a twopeaks load. The maximum values are reached around
noon and 8 p.m. These could be respectively the lunch
and dinner time for any typology of family. During the
afternoon a relatively low electric use is registered, almost
similar to the one registered around 4 a.m. in the morning.
This could be a sign of the absence of people inside the
house, or of the limited use of electric appliances during
these hours.

Conclusions and future outlooks
In this paper, a clustering methodology is presented and
is applied to the energy recordings of a multi-family
residential building located in Milan, Italy. It aims at
determining a few representative electrical energy use
profiles generated from the case study, and, potentially, it
is extendable to the larger residential sector in Italy, to
provide results with a higher statistical value. The
implementation of machine learning techniques was
found to be appropriate for the nature of the data sample
and its complexity. A two-levels approach was
implemented; it couples a SOM with the k-means
algorithm. The analysis results in five daily energy
profiles, that can be ascribed to different types of family
and/or habits. In each cluster, the first, second and third
quartiles are highlighted and considered representative of
three types of energy use: austere, normal and wasteful.
These profiles, and further ones derived from larger
datasets, might be used by energy modellers to, indirectly,
include occupant behaviour, in their simulations.
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Abstract
This study investigates the appropriate model complexity
for occupancy models when assessing the performance of
presence-dependent control strategies for adaptive solar
shading systems.
BPS tools are useful during the R&D process of
innovative, solar shading control strategies. However,
inappropriate consideration of key aspects of occupant
behavior (OB) in the BPS tools could lead to suboptimal
design decisions. Therefore, a previously developed
methodology was applied to select fit-for-purpose OB
models for different solar shading control strategies.
The results show that a refined occupancy model is
needed when evaluating the energy performance of the
best-performing strategy, while it would be redundant in
all other cases. Nevertheless, considering a variety of
scenarios as opposed to a single occupancy schedule is
essential to informed decision-making.

Introduction
Adaptive façade elements traditionally adapt to their
surrounding environment. However, to exploit fully the
potential of adaptive architecture, it is advisable that these
adaptive elements also react to occupancy (Cole and
Brown 2009). In this way, it would be possible to optimize
the building operation towards comfort when people are
present and towards energy use minimization when
people are absent.
BPS tools have a strong potential to be used to support the
development of innovative, adaptive solar shading
systems (Loonen et al. 2017). The advantages of using
such tools already in the R&D phase are: i) virtual rapid
prototyping to evaluate different future-oriented
systems/materials and identifying promising alternatives
for further refinement and product development; ii)
exploration of high-potential control strategies that
maximize the performance of adaptive building envelopes
during operation; iii) virtual testing of the robustness of
adaptive façade systems to changing boundary conditions
(Loonen et al. 2017).
Meanwhile, the assumptions made in the BPS model are
determinants of the outcome of the simulation (Hopfe and
Hensen 2011; Rezaee et al. 2015). For this reason, it is
essential that the assumptions are as conscious and
informed as possible. For example, if a simulation user is
interested in supporting the R&D of adaptive façade
elements that also react to occupancy, an appropriate

representation of occupancy is critical. While some
existing studies consider the human factor in adaptive
facades simulation (e.g., (Bakker et al. 2014)), no
currently available method supports the choice of OB
models during the R&D of adaptive façade elements.
This study seeks to fill this gap by applying a previously
developed method, the fit-for-purpose occupant behavior
modeling (FFP-OBm) method (Gaetani, Hoes, and
Hensen 2017), to adaptive façade elements currently
under development by industrial partners.
To achieve this goal, the FFP-OBm is applied with a
double aim: i) to assess which control strategy delivers the
best building performance; ii) to evaluate the performance
of the best shading strategy. This operation, if successful,
should lead to an informed choice of occupancy models
during the R&D phase of adaptive façade elements.

Methodology
The case study
Shading strategies characteristics
Six control strategies, corresponding to state-of-the-art
controls or controls that are under development by
industrial partners, are evaluated. The strategies are
described below.
 Strategy 1 two blind positions available (fully up or
fully down); irradiance sensor on the roof; lowering
threshold 300 W/m2;
 Strategy 2 two blind positions available (fully up or
fully down); irradiance sensor on the façade;
lowering threshold 200 W/m2;
 Strategy 3 two blind positions available (fully up or
lowered to eye height); irradiance sensor on the
façade; lowering threshold 200 W/m2;
 Strategy 4 twenty blind positions available (full
height discretized in 20 identical parts); sun-tracking
feature to avoid direct sunlight;
 Strategy 5 same as Strategy 4 but includes an energy
mode (see Table 1) when occupants are absent;
Table 1: Shades control in energy mode

Heating
demand
Cooling
demand

Heat gain through
façade

Heat loss through
façade

Shades Up

Shades Down

Shades Down

Shades Up
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Strategy 6 same as Strategy 5 but includes overcast
sky feature, whereby if the room is occupied and the
vertical solar irradiance on the façade is below 120
W/m2, the blinds are fully raised.

A graphical representation of the six shading strategies is
given in Fig. 1. Two additional strategies, namely “fully
up” and “fully down” were added to the analysis for the
sake of benchmarking.

Figure 1: Graphical representation of the six considered
shading strategies



Daylight Glare Index (DGI); calculated according
to (Hopkinson 1972) and expressed in occupied time
fraction when DGI > 31, corresponding to intolerable
glare. The DGI is calculated for three viewpoints,
namely “Facing Window”, “Facing Corner” and
“Facing Wall” (see Appendix B).

Space characteristics
A two-occupant cubicle office located in Amsterdam, The
Netherlands, and having dimensions of 4.5 x 6 x 3 m3 (see
Fig. 2) was considered to evaluate the performance of the
shading strategies within a space application. The space is
a modified version of the reference office proposed by
Task 56 of the Solar Heating and Cooling Program of the
International Energy Agency (Antoni et al. 2018). This
space is regularly used for testing purposes, but it is
clearly a simplification. Other spaces (e.g. classrooms,
open-plan studios) with different occupancy should be
investigated, as they will likely lead to different results.
The cubicle is assumed to be surrounded by similar
offices in thermal equilibrium with it, hence all surfaces
but the wall facing outside are modeled as adiabatic. A
large non-operable window is located on the external
wall. The thermo-physical properties of the space follow
the references of Task 56 (Antoni et al. 2018).
The space is modeled in EnergyPlus V8.7.

The solar shading control strategies were modeled by
means of the Energy Management System (EMS) feature
of EnergyPlus. While the authors are aware that other
available software may be more specifically tailored for
daylight analysis (e.g., Radiance), this choice was made
to simplify the case study. All strategies were applied to
an automated solar shading system developed by
industrial partners. The system is an internal roller blind
with a metalized fabric, whose thermal properties are
reported in Table 2.
Table 2: Thermal properties of the roller blind
Thickness
[m]
0.0004

Thermal
conductivity
[W/mK]

Sol.
Tran
s.

Sol.
Refl.

0.2

0.078

0.648

Vis.
Trans.

Vis.
Refl.

Figure 2: The cubicle office
0.077

0.632

Performance Indicators
A variety of performance indicators (PIs) are considered,
related to both the energy and the comfort performance of
the shading system. The selected PIs are:
 Annual primary energy demand; considered as a
sum of heating, cooling and lighting energy demand
[kWh/m2], taking into account the conversion factors
reported in Appendix A;
 Daylight Autonomy (DA); calculated in two
reference points (see Appendix B) and expressed in
occupied time fraction when the indoor illuminance
is > 500 lux (Walkenhorst et al. 2002);

The light power density is set to 10.9 W/m2. The heat
emitted by lights is assumed to be 13% radiant. The lights
are dimmed according to illuminance levels and
occupancy (all lights are off if nobody is present). The
power density of appliances is set to 7 W/m2 with 30%
radiant heat. The reference schedule for occupancy is
given in Fig. 3, while the reference schedule for
equipment use is ASHRAE standard (ASHRAE 2013).
The FFP-OBm method
As mentioned, the FFP-OBm method (Gaetani, Hoes, and
Hensen 2016) is applied to determine the appropriate
model for occupancy. In the method, models are grouped
according to their complexity, from simple schedules,
deterministic and non-probabilistic models (complexity
0) to stochastic models (1), and agent-based models (2).
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In this study, we assume that higher complexity models
yield results that are more realistic. We understand that
this assumption may not always be true, since the
commonly used OB models often have not undergone a
rigorous validation process (Mahdavi and Tahmasebi
2016) and the input required by complex models may not
always be readily available (Gaetani, Hoes, and Hensen
2016). Nonetheless, we expect that in the future all
models connected to the FFP-OBm method will be
reliable within their application range.

Figure 3: Reference schedule for occupancy
Fig. 4 is an overview of the methods employed by the
FFP-OBm framework. Two methods of the framework
are not applicable for this case study: the Impact Indices
method, developed for other PIs than the ones considered
here, and the Mann-Whitney U test, which is useful when
multiple aspects of OB are considered.

Non applicable

Simulation
Purpose

Sensitivity
Test 1

Impact Indices
Method

Can make
decision?

Time / Effort

no

Sensitivity
Test 2

Diversity
Patterns Method

Can make
decision?

Reduce uncertainty/increase complexity method. The
Diversity Patterns method consists in applying high-low,
extreme variations of the OB aspect. The Reduce
uncertainty/increase complexity method involves a finetuning of the representation of the OB aspect, possibly
reducing the uncertainty connected to such aspect(s), or
increasing the complexity of its connected model. The
latter method occurs if one or more OB aspects are
identified as influential for the purpose of the simulation.
The occupancy models
Two levels of model complexity are considered:
complexity “0”, or simple schedules, and complexity “1”,
a stochastic occupancy model by Page et al. (2008). The
application of diversity patterns consists de facto in
adding diversity to simple schedules.
Page et al.’s discrete-time, non-homogeneous Markov
model allows generating the annual presence time-series
at 15 min timesteps. This model requires two parameters:
the weekly occupancy schedule and the parameter of
mobility. If the user is not aware of a building-specific
occupancy schedule, an option is to input the ASHRAE
schedule (ASHRAE 2013) as weekly occupancy
schedule. However, the ASHRAE schedule potentially
takes over-hours into account, as the presence probability
after 7 pm ≠ 0 (see Fig. 5 left). Moreover, it is worth
mentioning that the implementation of probabilistic OB
models in deterministic BPS tools often occurs by
comparing the probability computed by the model with a
random number at each simulation timestep. In the case
of occupancy, if the model probability is higher than the
random number, occupants turn out to be present. This
workaround may result in non-significant patterns if a
schedule is used to derive transitions (as is the case here,
where the ASHRAE schedule is used as input), because
occupancy is questioned every 15 min. Therefore, two
options are explored hereafter: the standard ASHRAE
schedule (Fig. 5 left), and a modified schedule (Fig. 5
right) whereby people are absent before 8 am and after 7
pm. The assumption of not considering over-hours is
made also when developing the diversity patterns (see
Fig. 9).

Non applicable

no

Sensitivity
Test 3

Mann-Whitney U
Test

Can make
decision?
yes

no

Dealing with
influential
OB aspects

Reduce
uncertainty/
increase
complexity

Can make
decision?

no

FFP OB Model

Figure 4: Overview of the methods employed by the
FFP-OBm framework

Figure 5: Standard ASHRAE occupancy fraction (left),
and modified as absence before 8 am and after 7 pm
(right)
The value for the parameter of mobility is taken from
(Gunay, O’Brien, and Beausoleil-Morrison 2016).

Hence, the methods that are applied to this case study are
the Diversity Patterns method (Sensitivity test 2) and the
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Results and discussion
Preliminary results
Due to the complexity of the strategies and the necessity
to use advanced features of EnergyPlus, the results of a
preliminary evaluation run are reported below. An
analysis of such preliminary results serves to check that
all strategies are behaving as expected and to allow
troubleshooting when necessary.
Annual primary energy demand
Fig. 6 shows the strategies’ energy performance when
standard assumptions about occupancy are made. The
heating energy demand is hardly affected by the strategy,
with a discrepancy of 2.6 kWh/m2y between the highest
(S2) and lowest (S1) demand among the strategies. This
result is in line with the fact that heating energy demand
is the lowest contributor to primary energy demand. More
pronounced differences can be seen in the cooling
demand, where the maximum discrepancy among
strategies rises to 10.1 kWh/m2y (S6 has the lowest
demand, while S4 has the highest). The biggest difference
among strategies is found in the lighting energy demand:
11.5 kWh/m2y (demand of S4, 5 – S3). It is worth noting
the effect of implementing “Energy Mode”, which
reduces the cooling energy demand from 53.3 to 43.8
kWh/m2y in S4 and S5, respectively. The “Overcast Sky”
feature results in a reduction of lighting energy demand of
10.7 kWh/m2y from S5 to S6. Overall, the strategies work
as intended. The best-performing strategy in terms of
energy is S6, while the worst performing strategy is S4.
S4 demands circa 27% more primary energy than S6.

Figure 6: Energy performance of the six strategies with
standard occupancy schedules
Daylight autonomy
Fig. 7 shows the strategies’ daylight autonomy
performance when standard assumptions about
occupancy are made. S4 and S5 deliver the same
performance, as expected, because the difference between
the two strategies concern only the unoccupied hours.
The benefit of the “Overcast Sky” feature is evident when
comparing the performance of S6 with S4 and S5. Out of
all strategies, S3 guarantees the best DA (87% of
occupied hours > 500 lux), followed by S6 (81% of
occupied hours > 500 lux), while S4 and S5 only
guarantee an illuminance of 500 lux in 63% of the
occupied hours.

Figure 7: Daylight autonomy performance of the six
strategies with standard occupancy schedules
Daylight Glare Index
The glare performance of the various strategies with
standard assumptions about occupancy are shown in Fig.
8 for three different viewpoints.

Figure 8: DGI performance of the six strategies with
standard occupancy schedules
As expected, the viewpoint “Facing Window” is
characterized by the highest glare, followed by “Facing
Corner” and, lastly, “Facing Wall”. Whether or not the
amount of glare indicated by the software is acceptable
will therefore depend on the envisioned layout of the
office. The benchmark option “Always Open” delivers
the worst performance, leading to about 40% of occupied
hours with intolerable glare when facing the window. This
value decreases to ca. 13% when the occupant faces the
wall instead. According to this PI, the options “Always
Closed”, S4 and S5 are completely glare-free. This result
is expected, as the mentioned strategies are purposively
developed to avoid glare. In contrast, S6 is characterized
by a low amount of intolerable glare, indicating that the
sky illuminance may also be enough to cause glare when
the sky is overcast. Overall, S1 leads to the worst
performance with about 25% hours of intolerable glare
while facing the window, while S4 and S5 are the best
performing.
In the following sections, it is investigated whether these
results are presence-sensitive, and if higher modeling
complexity is needed to reach reliable conclusions.
Diversity Patterns Method
The fit-for-purpose complexity of occupancy modeling is
at the heart of the investigation. Therefore, diversity
patterns are defined only for occupancy. The operation of
the shading devices is automated by means of the
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strategies, hence it does not require the formulation of
diversity patterns. Likewise, the lighting system is
supposed to be automatic, and the HVAC system is
centrally controlled. The use of appliances is, together
with occupancy, the only type of behavior that is left to
the occupants’ discretion in this case study. However, we
decided to focus on occupancy modeling to narrow down
the scope.
The developed diversity patterns are shown in Fig. 9. In
particular, they correspond to a rather rigid work
environment where people have a maximum deviation of
± 2 h from the reference schedule. In order to evaluate the
robustness of the diversity patterns, two possible
combinations, named Option 1 and Option 2 are
developed. In Option 1, the occupants arrive one hour
sooner/later than the reference and leave one hour
sooner/later. Alternatively, in Option 2, the highly present
workers work through lunchbreak and stay one hour
longer in the evening, while the workers spending least
time in the office take a three-hour lunchbreak. These two
options are developed to assess the impact of considering
hours characterized by different illuminance levels.

complexity is required will be up to the decision-maker
(see following section).

Figure 10: Effect of Diversity Patterns on the annual
primary energy demand. Option 1 (top) and Option 2
(bottom)

Figure 9: Two options of Diversity Patterns for
occupancy: Option 1 (left) and Option 2 (right)
Once the Diversity Patterns are developed, the
simulations are run and the results are processed.
Annual primary energy demand
Fig. 10 shows the effect of applying the diversity patterns
on the annual primary energy demand. The results show
how the robustness to occupancy varies significantly
across strategies. In particular, the benchmarking option
“Always Closed” shows the highest sensitivity to
occupancy, while the option “Always Open” shows the
least sensitivity. This effect is largely imputable to the
energy demand for lighting, which in the “Always
Closed” case depends solely on occupancy, while it is
significantly influenced by available daylight in the
“Always Open” case. The increased effect of occupancy
on S5 and S6 (which included the “Energy Mode” feature
when occupants are absent) is somewhat visible. Fig. 9
also shows the importance of the defined diversity
patterns. A change of occupancy during the first and last
hours has a stronger effect than during the mid-hours of
the day. Generally, the effect of occupancy on the
strategies’ energy performance is visible in all cases.
Whether such an effect is acceptable or a higher modeling

Daylight autonomy
Fig. 11 shows the effect of applying the diversity patterns
on the daylight autonomy. The results show a similar
robustness to occupancy across strategies. Also in this
case a change of occupancy during the first and last hours
has a stronger effect than during the mid-hours of the day.
In fact, the PI is very robust to the mid-hours Diversity
Patterns.
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The results show a diverse robustness to people presence
across strategies. In particular, the most sensitive options
are the benchmark “Always Open” and S1, S2, S3. The
option “Always Closed” and the solutions with sun
tracking (S4, S5 and S6) guarantee the lowest amount of
occupied hours characterized by intolerable glare and are
robust to people presence.

Figure 11: Effect of Diversity Patterns on the daylight
autonomy. Option 1 (top) and Option 2 (bottom)
This effect is explained given the southern orientation of
the large window: the differences in natural daylight,
especially when a threshold of 500 lux is considered, are
expected to be stronger during the first and last hours of
the day, rather than during the central hours. The effect of
occupancy on decision-making is considered hereafter.
Daylight Glare Index
Fig. 12 shows the effect of applying the Diversity Patterns
on the glare performance of the six strategies.

Decision-making
Assessing which control strategy delivers the best
performance
Despite the different sensitivities across strategies to
occupancy, especially pronounced for annual primary
energy demand and glare performance, it is possible to
take a decision in all cases. In particular, the ranking of
strategies from best to worst performance (see Fig. 13) is
unaffected by the application of Diversity Patterns. For
this reason, it is suggested not to increase the level of
complexity for occupancy modeling if the aim is to assess
which control strategy delivers the best performance. Out
of all strategies, the only one that remains in the top 4
(considered as the “good performance zone”) for all PIs is
S6 (Fig. 13). However, it will be up to the company to
prioritize PIs and/or ease and cost of development. These
priorities will inform the choice of which strategy to
favor.

Worst performance

Best performance

Primary Energy Demand

S6

S3

AO

S5

S1

S2

S4

AC

Daylight Autonomy

AO

S3

S6

S1

S2

S4

S5

AC

Glare

AC

S4

S5

S6

S2

S3

S1

AO

Figure 13: Ranking of strategies performance from best
to worst. AO and AC indicate “Always Open” and
“Always Closed”, respectively

Figure 12: Effect of Diversity Patterns on the glare
performance. Option 1 (top) and Option 2 (bottom)

Evaluating the performance of the best control strategy
The need for refining the model complexity of occupancy
depends on the desired accuracy of the results.
For example, we may conclude that the spread in annual
primary energy demand obtained by means of the
Diversity Patterns is too high. The occupancy Pattern A
(Option 1) led to a primary energy demand of 79.2
kWh/m2y, while Pattern B indicated that the space would
need only 66.4 kWh/m2y to operate during the same
period. Assuming that Pattern A and Pattern B are
extreme conditions, we may attempt reducing the
variation of these results by refining the occupancy
model.
Instead, in the case of comfort PIs, building codes
typically exist that define the minimum acceptable
percentage of occupied hours within a given threshold.
(CIBSE 1994), for example, sets the minimum percentage
of occupied hours with an illuminance level above 500 lux
at 75%. This kind of compliance-driven calculations
would normally come with a standard occupancy
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schedule. Nevertheless, it is interesting to determine
whether such limits would be achieved also in more
extreme presence scenarios, as hypothesized by the
Diversity Patterns.
An analysis of the response of the strategies to presence
illustrates how only two strategies comply with this limit
in all cases: S3 and S6. For these two strategies, it is hence
not required to increase the presence model complexity,
as they always fall within the required limits.
Likewise, one may seek to limit the number of occupied
hours with intolerable glare at 10%. Of all investigated
strategies, only S4, S5 and S6 fall within this threshold
while facing the window. Therefore, for these three
strategies it is not required to increase the complexity of
the occupancy model.
To conclude, a refinement of the occupancy model (in this
study coinciding with the application of higher model
complexity) is necessary only when evaluating the energy
performance of S6.
Higher model complexity
As mentioned, the selected higher complexity model for
occupancy is the stochastic model by Page et al.
Fig. 14 shows the results obtained by running the Page
model 50 times according to the occupancy probability
schedules presented in Fig. 5. The reasoning behind the
value of 50 can be found in (Feng, Yan, and Wang 2016).

Figure 14: Energy performance of S6 when
implementing Page et al.’s model to the ASHRAE
schedule and the modified AHSRAE schedule
The median values of energy demand according to the
Page model are closer to the upper limit of the diversity
patterns (see Fig. 10). This result is in line with
expectations, as the main share of energy demand is
imputable to lighting energy, which is occupantdependent. In both cases illustrated in Fig. 5, it rarely
occurs that no occupant is present between 9 am and 6 pm.
It is worth noting the differences in results according to
the assumed probability distribution function. In
particular, assuming the standard ASHRAE schedule as a
probability distribution function for occupancy leads to
higher uncertainty than the defined Diversity Patterns.
This result is mainly caused by the after-hours. Instead,

the results obtained with the modified ASHRAE schedule
are quite robust to occupancy, and are close to the upper
limit indicated by the diversity patterns, as expected. This
result can be explained as the major differences across
simulation runs concern whether one or two occupants are
present, and not whether the space is occupied or not.
To conclude, implementing a higher model complexity
for presence in this case revealed that the expected energy
performance of S6 is closer to the upper limit of the
diversity patterns, rather than to the median or lower limit.
The decision-maker should then assess whether the actual
occupancy probability distribution function is closer to
the ASHRAE schedule or to the modified ASHRAE
schedule. By doing so, it is possible to decide if S6 leads
to a satisfactory performance or not.

Conclusions
This study applies the FFP-OBm method, a method to
support OB model selection, to the R&D of adaptive,
presence-dependent, innovative shading elements. Six
different shading control strategies are evaluated in terms
of energy and visual comfort performance. The FFP
presence model is identified for each strategy and each PI.
The results show that most PIs are sensitive to the
assumptions made regarding occupancy. The only
strategy/PI that are robust to occupancy assumptions are
the glare results for S4 and S5. Both these strategies were
developed to avoid glare, and indeed, they deliver the
required performance independently of the assumptions
made for occupancy. Despite the different response of
various shading strategies to occupancy, a refinement of
the presence model was not necessary to rank their mutual
performance for all investigated PIs. In contrast, it may be
needed when calculating the actual performance of a
single strategy. In this case study, the stochastic
occupancy model from Page et al. (2008) helps
establishing that the actual performance is likely be closer
to the upper limit identified by the diversity patterns. This
result is achieved despite neglecting over-hours. Further,
this case study highlights the importance of carefully
considering the assumptions made while modeling
occupancy. Two different pairs of diversity patterns have
a different impact on the strategies/PIs. Moreover, two
different schedules input to the Page et al. model yield
drastically different results.
In conclusion, this case study identifies a potential for the
FFP-OBm to be used during the R&D process of adaptive
façade elements. This study combines OB modeling and
adaptive façade elements research. It is a step towards the
development of robust methods to assess the actual
performance of adaptive elements, which is influenced by
uncertain variables such as presence. Secondly, it
contributes to the lively discussion in the BPS community
regarding fit-for-purpose OB modeling.
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Abstract
In the ongoing effort to improve building performance
predictions, a key question is whether it is important to
consider variations of occupant distributions resulting
from inter-zone occupant mobility inside a building. The
objective of this research is to study the impact of various
occupant distributions on building performance
predictions using simulation. A generic office building in
Toronto, Canada, was simulated under homogeneous and
heterogeneous distributions of occupants using
EnergyPlus. The simulation results showed that as
occupant mobility inside a building led to varied
occupants’ densities at the zone level, zone-level energy
use and unmet hours are dependent on occupant mobility.

Introduction
In the common building performance practice, occupants
are assumed to be distributed uniformly in buildings. That
is, occupant densities are generally kept consistent
between timesteps and across similar spaces. In reality,
however, occupants move between spaces (e.g. for
meetings) and therefore distributions of occupants may
vary temporally and spatially.
Assuming a uniform distribution of occupants may affect
building performance predictions such as energy demand
and heating and cooling loads (Wang et al. 2018). For
instance, Wang et al. (2017) showed that energy demand
can be reduced by 20% compared to a common control
system using the dynamic spatial occupants’ distribution
matrix that they developed. Likewise, Zhang et al. (2017)
extracted probabilistic distribution functions for the
spatial diversity in internal heat gains using data collected
from various tenants in seven office buildings. Their
validation study in one of their case studies showed that
the calculated cooling load was 36% higher than what the
simulation results suggested (based on the probabilistic
distribution functions that they developed) and 39%
higher than the measured cooling load in that building.
Additionally, interior layouts evolve over the building
life-cycle, often with implications for occupant
distributions and densities. For instance, Goldstein et al.’s
(2011) modeling technique showed the potential for using
space layout in predicting occupants’ locations and
activities. As a consequence of spaces’ layout evolution,
building systems and equipment may not be capable of
meeting heating or cooling loads.

To improve building performance predictions regarding
heterogeneous occupant distributions, previous research
developed methods to simulate these conditions in
building performance simulation (BPS) tools. For
instance, Yan and Jiang (2005) and Yan et al. (2008)
proposed a method to calculate a range of operations,
rather than a specific value, in order to consider different
internal heat gains in building performance simulation.
However, the impact of occupant mobility within a
building on its performance in the design process using
BPS tools is not evident yet.
To evaluate the impact of occupant mobility on building
performance predictions, the occupant modeling method
in BPS tools is an important factor. Wang et al. (2011) and
its application-based tool Occupancy Simulator (Chen et
al. 2018) developed a Markov model to simulate the
stochasticity in occupants’ location in buildings.
Similarly, Hong et al. (2016) used a Markov model to
predict the probability of occupants’ locations. However,
there are still gaps in the literature with respect to how to
model inter-zone occupant mobility for building energy
simulation and knowledge on the importance of the
impact of occupant mobility on building performance
predictions.
To address these gaps, the current research develops a
simulation-based method for studying inter-zone
occupant mobility inside a building. The potential
building performance implications (i.e. energy use and
unmet hours) of neglecting occupant mobility (i.e.
temporal and spatial distributions) between building
spaces are studied as well. Note that in this context,
“mobility” pertains to the variations in the distribution of
occupants in spaces of a single building over time. In other
words, if an occupant leaves one zone in a building, that
occupant goes to another zone in that building.
The main objective of this paper is to provide a proof of
the concept that occupant mobility between zones of a
building affects its performance. To this end, this research
first developed a simulation-based method and then, used
it for testing the concept. In the present simulation-based
analysis, occupants were assumed to move between
building spaces just because of office work-related
purposes (e.g. individual meetings, group meetings,
conference, breaks/lunch) rather than to restore their
comfort.
The building model and simulation-based methodology
developed in the current research are first explained.
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Afterwards, the simulation results are discussed, followed
by outlining conclusions, limitations, and future work.

Building model
A medium reference office building, located in Toronto,
Canada, based on the standard assumptions (National
Research Council Canada 2015) was simulated using BPS
tool EnergyPlus. The office building, with the total floor
area of 4982 m2, consisted of 15 thermal zones: one core
zone and four perimeter zones on each floor (Figure 1).
HVAC sizing was calculated at the beginning of each
annual simulation run based on the design days. During
HVAC sizing periods, it was assumed that occupants were
evenly distributed (i.e. standard assumptions). Table 1
presents a summary of the building model specifications.

Figure 1. Geometry of building model.

Methodology
The building model was simulated under homogeneous
distributions of occupants for one annual run and under
heterogeneous distributions of occupants for 50 annual
runs. Standard schedules were used in simulating both
homogeneous and heterogeneous distributions of
occupants. To investigate the potential performance
implications of neglecting inter-zone occupant mobility in
a building, the number of occupants in each zone of the
building model was generated randomly using a normal
distribution at the beginning of each weekday. Note that a
key difference between Wang et al.’s (2011) model and
the current methodology is that the former predicts
occupant location based on the previous timestep using
Markov chain simulation method, whereas the current
approach uses a simpler approach and considers daily
variation in occupants’ locations. In the current
methodology, it is assumed that occupants choose their
locations at the beginning of each weekday in open-plan
offices with unassigned desks. Moreover, the total
number of occupants in the building at each timestep is
kept consistent between the homogeneous and
heterogeneous distributions of occupants to emulate their
mobility inside the building which has a specific number
of zones; whereas Wang et al.’s (2011) model does not
impose any constraints on occupant and zone numbers.
Figure 2 shows the flowchart of the procedure for
generating daily random number of occupants on
weekdays and weekends. Assuming 20 m2/person as per
standard assumptions (National Research Council Canada
2015), the peak total number of occupants (i.e. 249) was
calculated with respect to the area of about 984, 207, and
131 m2 for the core, south or north, and east or west zones,

respectively. The maximum number of occupants in each
zone was randomly generated using the methodology
summarized in Figure 2. The maximum number of
occupants was multiplied hourly by the occupancy
standard schedule in each space. Note that as per standard
assumptions, occupancy schedule used for weekends was
different from the one used for weekdays to take account
of lower occupancy on weekends. Based on National
Research Council Canada (2015), office spaces are
unoccupied on weekends, whereas they are partially
occupied on weekdays (mainly between 8 AM and 6 PM).
Note that negative values generated by normal
distribution for number of occupants were truncated to
zero. Non-integer numbers of occupants were rounded to
the nearest integer. To avoid a widely spread or narrow
distribution of the generated number of occupants, the
standard deviation was set to be equal to the mean of the
number of occupants. Previous studies (e.g. Duarte et al.
2013; D’Oca and Hong 2015) also showed that occupancy
patterns in office spaces is highly variable. Figure 3
presents examples of the weekday profile of the number
of occupants generated using the methodology.
The methodology for generating the daily random number
of occupants in each zone (see Figure 2) was implemented
in the Energy Management System feature of EnergyPlus.
Occupants’ use of electric equipment was assumed to be
correlated with their presence in each zone using a
simplified method (Mahdavi et al. 2016). Assuming the
peak electric equipment power as 72 W/person based on
the peak loads observed in open-plan offices (Mahdavi et
al. 2016), peak electric equipment power (W/person) was
multiplied hourly by the electric equipment standard
schedule and number of occupants in each space. Note
that the number of occupants was set to the peak number
of occupants (i.e. without multiplying it by the
corresponding occupancy schedules) for the calculation of
the electric equipment power in each zone. Figure 4
presents the weekday profile of the electric equipment
power intensity generated using the methodology.
Lights of each zone were assumed to be on whenever at
least one occupant was present in that zone, otherwise
lights were off. Outdoor air rates were calculated based on
the occupancy at each timestep assuming the air loop was
capable of achieving demand-controlled ventilation. The
simulation timestep was set to 10 minutes.
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Table 1. Summary of building model specifications based on National Research Council Canada (2015).
Building envelope
U-factor [W/m2K]
Glazing system

Roof
Wall
Floor
U-factor [W/m2K]
SHGC
VT

HVAC air loop
Space heating

Space cooling
Mechanical ventilation
Infiltration
Heating and cooling setpoints

0.18
0.27
0.67
2.2
0.60
0.21
Three air handling units (AHUs), one for each floor.
A primary and secondary boiler with the thermal efficiency of 0.8 using natural
gas. Independently controlled VAV boxes with reheat coils on each floor.
Independently controlled hot water baseboard heaters in each zone for
supplementary heating.
A primary and secondary chiller model of EIR with a reference COP of 4.5.
Three economizers, one for each AHU, controlled outdoor air based on
comparing the enthalpy of return and outdoor air.
Minimum ventilation rates of 2.5 L/s.person and 0.3 L/s.m2 as per ASHRAE
Standard 62.1 (2016).
0.0002 m3/s.m2 exterior surface area.
Heating and cooling setpoints were set to 22 and 24°C, respectively, from 8 AM
to 8 PM on weekdays. They were set back to 18 and 35°C at 10 PM as per
National Research Council Canada (2015).

Figure 2. Procedure for generating daily random number of occupants in each zone of the building model on weekdays
and weekends. Note that the occupancy schedule used for weekdays differs from the occupancy schedule used for
weekends.

Figure 3. Examples of weekday profile of number of occupants with and without considering occupant mobility based
on the annual simulation runs.
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Figure 4. Examples of weekday profile of electric equipment power with and without considering occupant mobility
based on the annual simulation runs.
mobility compared to neglecting occupant mobility.
Results and discussion
Consequently, the pumps, which were operating
The potential building performance implications of
intermittently, were on for longer and their electricity
neglecting varying occupant distributions in the building
energy use increased (by about 7%).
model were extracted from the simulation outputs. This
section presents the simulation results of the variations
between when inter-zone occupant mobility was
considered and when it was neglected for the considered
performance measures.
Energy use
Figure 5 presents the annual results of the average natural
gas energy use for heating and electricity energy use for
cooling, lights, electric equipment, fans, and pumps as
well as the annual occupied-zone fraction.
Note that the occupied-zone fraction, to measure whether
a zone was occupied, is calculated using Equation (1):
̅̅̅̅̅̅̅̅̅̅
OccFrac =

ts
zn
∑nzn=1
∑nts=1
{

1, if MinNumberOfOccupants =1
0,
otherwise
nzn ×nts

(1)

̅̅̅̅̅̅̅̅̅̅̅ is the average occupied-zone fraction
where 𝑂𝑐𝑐𝐹𝑟𝑎𝑐
across 15 zones; zn is the considered zone; nzn is the
number of zones (i.e. 15 zones); ts is the timestep; nts is
the number of timesteps (i.e. 52,560); and
MinNumberOfOccupants is the minimum number of occupants
who are present in the zone.
Figure 5 indicates that considering occupant mobility led
to a reduction of 22% in the lighting electricity energy use
and 16% in the average occupied-zone fraction. The
reduction in the average occupied-zone fraction is due to
the fact that the times when a zone was unoccupied or in
overcrowded conditions with considering occupant
mobility was more than when occupant mobility was
neglected.
The simulation results showed that the total occupied
duration (i.e. the time when at least one occupant was
present in a zone) averaged across 15 zones was 4160
hours when occupant mobility inside the building was
neglected, whereas it was 3506 hours (averaged across 15
zones) when occupant mobility was considered.
Assuming lights were on whenever at least one occupant
was present in a zone, otherwise lights were off, resulted
in the total lights-on duration of 3506 hours averaged
across 15 zones (equal to the occupied hours) when
occupant mobility was considered, whereas the lights
were on all the time (with varied fraction of full capacity)
based on the standard assumptions.
The reduction in the lighting electricity energy use and
occupied-zone fraction resulted in that the heating system
was working for longer with considering occupant

Figure 5. Annual energy use intensity with and without
considering occupant mobility.
The cumulative distribution of the predicted annual peak
cooling and heating loads at the building and floor level
are presented in Figures 6 and 7. Note that studying spatial
diversity in peak loads is important for the sizing of
building-level equipment (e.g. a central chiller or boiler)
and zone-level HVAC systems (e.g. AHU, VAV boxes)
(Zhang et al. 2017). In the current study, the annual peak
cooling or heating loads at the building level were
calculated based on the sum of the cooling or heating
loads of all the zones at each timestep. Similarly, the
annual cooling or heating loads at the floor level were
calculated based on the sum of the cooling or heating
loads of the corresponding zones at each floor. Figures 6
and 7 show the impact of when occupant mobility was
considered versus when it was neglected for building
equipment sizing.
The simulation results show that the annual heating
energy use values with and without considering occupant
mobility were almost identical (see Figure 5), whereas the
peak heating load was considerably affected when
occupant mobility was considered (see Figure 6). This
observation is due to the fact that the annual number of
occupants in the zones with and without considering
occupant mobility followed the same trend, while the
number of occupants with and without considering
occupant mobility varied on a daily temporal scale which
affected the peak heating load.
Figure 6 shows that considering occupant mobility led to
the increase of 1% in the peak cooling loads and 17% in
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the peak heating loads of the building model at the
confidence level of 95% compared to when occupant
mobility was neglected. Similarly, Figure 7 shows that
considering occupant mobility led to the increase in the
predicted peak floor-level heating and cooling loads at the
confidence level of 95%. The increase in the predicted
annual peak cooling load of the bottom, middle, and top
floors is about 5, 6, and 5%, respectively; whereas, the
increase in the predicted annual peak heating load of the
bottom, middle, and top floors is about 11, 15, and 21%,
respectively. The results of the predicted peak cooling and
heating loads indicated that the heating loads were more
affected by considering occupant mobility as the building
model was simulated in a heating-dominated climate and
using electric equipment was set based on the number of
occupants in a zone.
As shown in Figure 7, the discrepancy in the predicted
annual peak heating load of the top floor between when
occupant mobility was considered and neglected was
higher than the bottom floor by a factor of two. This
observation indicates the potential impact of neglecting
occupant mobility at various spatial scales. Moreover,
taking account of variations in occupant distributions,
which resulted from occupant mobility, affected building
energy use temporally. Figure 8 presents the temporal
variations in the predicted heating power intensity
between 8 AM and 6 PM on weekdays in the five zones
of the top floor between when occupant mobility was
considered (averaged across 50 runs) and when it was
neglected. The results of the heating power intensity on
the top floor showed that it varied from zero to 56 W/m2

when occupant mobility was considered compared to
when it was neglected.

Figure 6. Cumulative distribution of annual peak cooling
and heating loads of the building model at the building
level. Blue lines represent when occupant mobility was
neglected, and red line represents the distribution of the
results when occupant mobility was considered. Dashed
lines represent the confidence level of 95%.

Figure 7. Cumulative distribution of annual peak cooling and heating loads of the building model at the floor level.
Blue lines represent when occupant mobility was neglected, and red line represents the distribution of the results when
occupant mobility was considered. Dashed lines represent the confidence level of 95%.
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Figure 8. Temporal and spatial difference between when occupant mobility was considered (averaged across 50 runs)
and when it was neglected in the predicted heating power intensity (W/m2) between 8 AM and 6 PM on weekdays in the
five zones of the top floor.
Unmet hours
Note that NotMetSetpoint neglects the number of
occupants who were present in a zone, however
As explained previously, the present study assumed that
considering number of affected occupants is more critical
occupants moved between rooms in a building for officewhen inter-zone occupant mobility is taken into account.
related work rather than to improve their comfort. This
To consider number of occupants who may be affected by
section explains the results of the impact of considering
discomfort conditions, the unmet cooling setpoint hours
occupant mobility on the number of hours when the
weighted
by
the
number
of
occupants
heating or cooling setpoints were not met. To this end, the
(NotMetSetpointWeighted) was calculated as well (Figure
building-level unmet hours was calculated. As per
9b). This measure indicates the annual number of hours
ASHRAE Standard 90.1’s (2016) definition, the whole
when the cooling setpoint in each zone was unmet which
building has an unmet hour even if a single zone of the
is weighted by the number of occupants who were present
building has an unmet hour. On the basis of this definition,
in a zone where the cooling setpoint was unmet from 8
in the current study, the building-level unmet hours was
AM to 6 PM on weekdays. This value is calculated based
calculated from 8 AM to 6 PM on weekdays when
on Equation (3):
occupants were present in a zone. The building-level
nts
unmet cooling setpoint hours was 148 hours when
TS
N
(3)
occupant mobility was neglected, whereas it was 292
NotMetSetpointWeighted (zn) =
× ∑ nzn
60
∑
N
hours when occupant mobility was taken into account. As
ts=1 zn=1
where N is the number of occupants who are present in a
any of the zones may be overcrowded with considering
zone where the heating or cooling setpoint is unmet.
occupant mobility, the unmet cooling setpoint hours with
occupant mobility was higher compared to when occupant
As noted earlier, the HVAC equipment sizing was
mobility was neglected.
calculated using the standard assumptions (i.e. when
inter-zone occupant mobility was not considered) at the
Figure 9a shows the annual unmet cooling setpoint hours
beginning of each annual simulation run based on the
(NotMetSetpoint) at the zone level which was calculated
design days. Since it was assumed that there were no
without weighting by the number of occupants who were
internal heat gains from occupants, lights, and electric
present in a zone where the cooling setpoint was unmet
equipment on the winter design day, the unmet heating
from 8 AM to 6 PM on weekdays. This value is calculated
setpoint hours was zero when inter-zone occupant
using Equation (2):
nts
mobility was considered similarly to when it was
TS
1, if MinN =1
neglected. However, the unmet cooling setpoint was
(2)
NotMetSetpoint(zn) =
×∑{
0, otherwise
60
affected considering occupant mobility as the internal
ts=1
heat gains were set as the highest values for the summer
where TS is the timestep in minutes (i.e. 10 minutes) and
design day based on the standard assumptions; whereas
MinN is the minimum number of occupants who are
when occupant mobility was considered and
present in a zone where the heating or cooling setpoint is
consequently, occupants may crowd into a zone, the
unmet.
cooling demand of that zone may not be met.
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Figure 9 indicates that the total NotMetSetpointWeighted
averaged across 50 runs increased by a factor of two and
the total NotMetSetpoint averaged across 50 runs
increased by a factor of 1.7 when occupant mobility was
considered compared to when it was neglected. This trend
indicates that occupant mobility led to higher occupants’
densities and higher unmet hours.
(a)

occupants and the total lighting and electric equipment
energy use during unmet cooling setpoint hours increased
when occupant mobility was considered compared to
when it was neglected.

(b)

Figure 9. Annual number of hours when the cooling
setpoint in each zone was unmet: (a) not weighted, and
(b) weighted by number of occupants who were present
in a zone where the cooling setpoint was unmet.
To test whether considering occupant mobility had a
significant impact on the weighted unmet cooling setpoint
hours, the paired-sample t-test was used. For each of the
paired samples (i.e. each of the 15 zones in the building
model), the variables were the weighted unmet cooling
setpoint hours with and without considering occupant
mobility. As there were 15 paired samples, the degree of
freedom was 14. The weighted unmet cooling setpoint
hours averaged across the 15 zones was 9.8 hr without
considering occupant mobility, whereas it was 19 hr with
considering occupant mobility. The null hypothesis was
that considering occupant mobility did not cause a
significant impact on the weighted unmet cooling setpoint
hours. The paired sample t-test rejected the null
hypothesis with the p-value of 0.04 (assuming the
standard significance level of 0.05). In other words, the
weighted unmet cooling setpoint hours considering
occupant mobility was in general significantly higher than
when inter-zone occupant mobility was neglected.
To find the cause of unmet cooling setpoint hours, the
total internal heat gains from lights and electric
equipment, number of occupants, and transmitted solar
radiation during unmet cooling setpoint hours were
calculated. Figure 10 shows that the total number of

Figure 10. Total number of occupants and total energy
use intensity from lights, electric equipment, and
transmitted solar radiation during unmet cooling
setpoint hours in each zone with and without considering
occupant mobility. Blue dots represent when occupant
mobility was neglected, and boxplots represent the
distribution of the results when occupant mobility was
considered (distribution of 50 annual simulation runs).
The paired-sample t-test was used on the paired samples
(i.e. each of the 15 zones in the building model) to test if
the internal heat gains and transmitted solar radiation were
significantly different during unmet cooling setpoint
hours with and without considering occupant mobility.
The analysis on the internal heat gains and transmitted
solar radiation during unmet cooling setpoint hours using
the paired-sample t-test revealed that while transmitted
solar radiation was not significantly different with and
without considering occupant mobility, the internal heat
gains from occupants, lights, and electric equipment were
significantly different when occupant mobility was taken
into account compared to when it was neglected (Table 2).
Table 2. Paired-sample t-test on the total number of
occupants and total energy use intensity from lights,
electric equipment, and transmitted solar radiation in
the 15 zones during unmet cooling setpoint hours with
and without considering occupant mobility.
Output
Hypothesis test result* p-value**
Number of occupants
1
0.04
Lighting energy use
1
0.01
intensity
Electric equipment
1
0.00
energy use intensity
Transmitted solar
0
0.27
radiation intensity
* One indicates that the t-test rejected the null hypothesis and
zero indicates that it did not reject the null hypothesis.
** At the 5% significance level.
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Conclusion and future work
This research developed a simulation-based method for
the evaluation of inter-zone occupant mobility within a
building to study the impact of homogeneous and
heterogeneous distributions of occupants on building
performance. The simulation results showed that since
occupant mobility caused variations in occupant
distributions at the zone level, zone-level energy
consumption and unmet hours were dependent on
occupant mobility. This study indicates the importance of
knowing detailed distributions of occupants. The
discrepancies observed in this research resulting from
neglecting inter-zone occupant mobility in building
performance simulation are the potential ones, whereas
accurate occupant distributions necessitate a statistically
large sample of real-world case studies. As this
information may not be available for new constructions in
building design process, the authors recommend looking
at multiple scenarios.
This research had limitations that requires future work.
While the findings of the present research demonstrated
the importance of considering occupant mobility on
building performance predictions, the impact of occupant
mobility on building performance requires real-world data
as a future necessary methodology of this research topic.
In this study, occupants’ comfort was not considered as
the reason for their movement between zones, however
considering comfort as a trigger for occupant mobility
necessitates future research. The results of this research
are based on the defined HVAC system and this specific
building design and type in a specific climate zone. It was
assumed that demand-controlled ventilation was possible
with the current HVAC configuration. Furthermore, in the
present research, it was assumed that the normal
distribution is appropriate for determining the random
number of occupants in various zones of the building
model, while this assumption requires further research
based on real data. A simple approach was implemented
for internal gains from electric equipment. It was also
assumed that lights were on or off for an entire zone.
Our future work is to apply our methodology to a variety
of building control systems and types in various climate
zones to determine conditions where neglecting interzone occupant mobility has a lower or higher impact on
building performance. For example, considering occupant
mobility is of high importance where occupant-based
(either active or passive) building control systems are
incorporated in buildings. Different assumptions about
building and zone-level control systems (e.g. lights and
HVAC terminal units), relationship between occupants’
presence and electric equipment use, and in-depth
investigation into energy use, unmet hours, and
discomfort in individual rooms within a zone are our
future work regarding the current research topic.
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Abstract
This study presents a simulation-based approach to
investigate the influence of control and finishing of
internal blinds on building performance. Three control
patterns were combined with two finishings of internal
blinds in spaces with different solar orientations, windowto-wall ratios and width-to-depth ratios. Building
performance simulations were conducted using the
EnergyPlus computer programme. Results showed that
both control and finishing of internal blinds impact the
performance of buildings. This outcome supports the
belief that both designers and occupants must know how
systems affect the energy consumption of buildings to
boost their performance throughout the life cycle.

Introduction
Occupant behaviour is one of the driving factors that
affect the energy consumption in buildings (Yoshino et
al., 2017). The actions that people take inside their
buildings impact both indoor comfort indexes and energy
consumption, which is highly denoted in the literature
(Yan et al., 2015; Gaetani et al., 2016; Hong et al., 2016;
Hong et al., 2017). In this regard, there is a need to
understand how people behave (considering the factors
that trigger human-building interactions) and to what
extent those behaviours modify indoor conditions and
energy consumption in buildings.
Most systems may be operated by occupants during
working hours (e.g., windows, internal blinds, HVAC
systems, etc.). Adjustments of internal blinds are
important for the building energy performance as they
block direct sunlight and solar radiation during the
cooling seasons as well as allow solar radiation to enter
the building if necessary (Kuhn et al., 2001). Therefore,
understanding the triggers of human-blind interactions is
important to estimate the impact of such actions on the
building performance; which is useful for better
estimations of energy consumption during the building
design phase.
O’Brien et al. (2013) reviewed the literature to better
comprehend the manual adjustment of internal blinds in
office buildings. Many occupants stated that the lack of
adjustments of internal blinds was due to difficulty or
great effort needed to reach the blinds. Moreover, they
stated that occupants of shared spaces tend to be less
active to prevent disturbing their colleagues. Considering
the Brazilian reality – where most of the building systems

are manually controlled – it is vital to understand how
different control patterns affect indoor environmental
conditions and energy consumption. In addition to the
control patterns, the literature supports that different
finishings of internal blinds may also influence their
performance. In this regard, Frontini and Kuhn (2012)
found that the properties of internal blinds can affect the
operative temperature in offices. The authors concluded
that internal blinds with low emissivity can reduce the
operative temperature by nearly 1 K at distances up to 0.5
m from the façade. Furthermore, Kirimtat et al. (2016)
conducted a literature review on simulation modelling for
shading devices and concluded that future projects should
determine the proper shading devices for reducing the
cooling load of buildings in hot climate regions. Literature
supports the concept of building design robustness as well
(Buso et al., 2015; O’Brien, 2013), which emphasizes that
some building characteristics may reduce the impact of
occupant behaviour on energy consumption. As shown by
O’Brien and Gunay (2015), robust design is not about
changing occupant behaviour, but rather changing the
indoor conditions that are related to human-building
interactions. Therefore, there is the need to find the
influence of both controls and finishings of internal blinds
on the energy performance of buildings with different
characteristics. Awareness of the impact of these
associations provides background to stakeholders to boost
building performances in the design and operation phases.
Considering these challenges, the objective of this study
is to test the influence of different controls and finishings
of internal blinds associated with variations of building
characteristics. The outcomes presented by Bavaresco and
Ghisi (2018) regarding occupant self-reported times for
adjusting internal blinds in an office building located in
Florianópolis, southern Brazil, were used to create control
patterns of internal blinds. The study relied on
questionnaire application and many triggers can be used
for controlling internal blinds both in building simulation
and automation approaches. Thus, evidence found in the
literature was combined to that found in situ and three
scenarios for blind adjustments were established. A timebased control created according to the most frequent
occupant self-reported time of internal blind adjustments.
This was compared with two automation scenarios based
on both occupant statements and literature review
(thresholds for the internal blind adjustments were based
on literature review).
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Method
The method is based on data from a questionnaire
application conducted by Bavaresco and Ghisi (2018) in
an office building located in Florianópolis, regarding
human-blind interactions. The questionnaire is available
in our previously mentioned work. A printed version of
the questionnaire was delivered to each occupant during a
typical summer month (March 2016). The research
purposes were individually explained to the users and the
questionnaire was returned the following day. A total of
164 users (out of 200) answered the questionnaire (82%).
Information about how often people adjust blinds over
time and which factors trigger blind adjustments were
analysed to set the control patterns. Two finishings of
internal blinds were tested: fabric and metal. The different
controls and finishings of blinds were associated with
different building characteristics in the computer
simulations. Results highlighted the influence of such
combinations on the cooling energy consumption and the
amount of time that the setpoint temperature is not met
during working hours. Figure 1 shows the method
flowchart.

Figure 1: Flowchart of the method.
Controls and finishings of internal blinds
Different controls and finishings of internal blinds were
tested to investigate the influence of those strategies
combined with building characteristics such as solar
orientation, window-to-wall ratio and width-to-depth
ratio.
The results from the application of questionnaires showed
that occupants tend to open internal blinds in the morning
upon arrival, regardless of the orientation – presented by

Haldi and Robinson (2010) as well. Variations were found
in the self-reported time of closing blinds for different
solar orientations as shown in Table 1. Gunay et al. (2013)
conducted a literature review on adaptive occupant
behaviours in offices and found similar outcomes
regarding the influence of façade orientation on the
adjustment of internal blinds. Besides that, occupants
reported that the main causes for closing internal blinds
are excessive solar radiation and high internal
temperature.
Table 1: Relation between orientation and the main
period when internal blinds are closed.
Solar orientation
North
South
East
West

Main period when internal blinds
are closed
In the afternoon
Mostly open throughout the year
In the morning
In the afternoon

By combining insights from the field evaluation with
literature information, three control patterns of internal
blinds were created. Internal blind closing was based on
three scenarios:
• Time-dependent control based on the occupant selfreported main times for opening and closing internal
blinds (Bavaresco and Ghisi, 2018; Haldi and Robinson,
2010);
• Temperature-based control, setting 24ºC for both
turning on the HVAC and closing the internal blinds
(Haldi and Robinson, 2008);
• Solar-radiation based control, as shown by Mahdavi et
al. (2008) to be related with the closing of blinds when
vertical global radiation on the façade is equal to or
greater than 200 W/m².
Besides the three control patterns of internal blinds,
different finishings were also compared. Light-coloured
fabric and vertical internal blinds were modelled
according to the thermal properties used on the DIVA-forRhino plug-in (Reinhart and Niemasz, 2018); and whitepainted metallic blinds were modelled according to InputOutput References provided in the EnergyPlus
documentation (DOE, 2018). The main differences
between them are that the fabric blind has a low thermal
conductivity (0.9 W/m.K) compared to the metallic blind
conductivity (44.9 W/m.K), and the metallic blind is
100% opaque to solar radiation.
Characteristics of simulated spaces
Individual thermal zones with a single-glazed façade were
simulated. Solar orientation was varied from north, south,
east, and west. Three window-to-wall ratios were
considered: 20%, 50% and 80%. And two cases of widthto-depth ratios were tested – 1:1 (10.00 m x 10.00 m) and
1:2 (10.00 m x 20.00 m). In all cases, floor-to-ceiling
height was 2.80 m.
Besides the glazed façade, all the other surfaces were
adiabatic. Regarding the glazed façade, the
thermophysical properties of wall and glazing were
determined according to the reference model for office
buildings of the Brazilian Regulation for Energy
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Efficiency of Buildings (CB3E, 2017). The internal
thermal loads of the spaces were configured according to
this Regulation as well. All the internal loads and thermal
properties of constructions are shown in Tables 2 and 3,
respectively.
Table 2: Internal loads according to the reference model
for office buildings of the Brazilian Regulation.
Internal loads
Equipment (W/m²)
Light (W/m²)
People (m²/person)

Value
9.70
8.90
10.00

Table 3: Thermal properties of building surfaces
according to the reference model for office buildings of
the Brazilian Regulation.
Envelope thermal properties
Wall thermal transmittance (W/m².K)
Wall solar absorptance (dimensionless)
Wall thermal capacity (kJ/m².K)
Glass thermal transmittance (W/m².K)
Glass solar heat gain coefficient (dimensionless)
Glass thickness (mm)

Value
2.39
0.50
150.00
5.70
0.82
6.00

Energy Performance Simulations
Simulations were performed using the EnergyPlus
computer programme. The convective algorithm adopted
was the Thermal Analysis Research Program (TARP) and
the heat balance algorithm was the Conduction Transfer
Function (CTF).
The TRY weather file for Florianópolis (located at the
latitude 27°36’ South) created by the National Institute of
Meteorology (INMET) was used. It is available for
download on the LabEEE website (LabEEE, 2016). The
use of this weather file is required by the Brazilian
Regulation for Energy Efficiency of Buildings (CB3E,
2017).
Occupancy schedules were defined from 08:00 to 18:00,
with a break from 12:00 to 14:00, on weekdays. During
the break, occupancy was configured as 50% of total
occupancy (10 m²/person). No occupancy was defined
over the weekends and national holidays. Schedules for
equipment and lighting were based on these patterns of
occupancy.
The mini-split HVAC system was used on the simulations
to calculate the cooling energy consumption of the
models. A cooling setpoint temperature equal to 24°C was
used throughout the year and a coefficient of performance
equal to 3.24 W/W was configured to meet the minimum
requirement for energy efficiency label A (INMETRO,
2018). Air renewal rate of 27 m³/h/person was used
according to Resolution #9 of the Brazilian Health
Regulatory Agency (ANVISA, 2003). The sizing of
HVAC system was based on the summer design day
(February 21st) commonly used in Florianópolis
(maximum dry-bulb temperature: 31.95°C; daily dry-bulb
temperature range: 6.90°C; wet-bulb at maximum drybulb: 25.30°C).

Analyses of simulation results
Two main simulation outputs were analysed in this study:
cooling energy consumptions and the amount of time that
the setpoint temperature (24°C) is not met during working
hours. For the latter, a tolerance of 1°C from the setpoint
was
configured
in
the
OutputControl:ReportingTolerances of the EnergyPlus
object.
Firstly, cooling energy consumptions were analysed
according to building characteristics to find relations
between them and the controls of internal blinds. Further
analysis investigated the influence of different finishings
of internal blinds on both cooling consumption and
variations on the amount of time that the setpoint
temperature is not met. For the former, comparisons were
made case-by-case as shown in Figure 2. In other words,
similar cases were compared considering the change in
the finishing of the internal blind from fabric to metal.
Results are presented as percentage reductions of cooling
energy consumption. For the analysis of the amount of
time that the setpoint temperature is not met during
working hours, all the cases with blinds were compared to
similar cases without blinds. The results are presented
according to the percentage of reduction in this output
compared to the “without blinds” scenario.

Figure 2: Comparison of finishings of internal blinds
regarding cooling energy consumption.

Results
Impact of control of blinds on the cooling energy
consumption
Based on occupant self-reported interactions with internal
blinds, a time-based control was created and compared
with two automation approaches: control triggered by
either solar radiation or temperature. Likewise, a scenario
without internal blinds was tested for comparison
purposes.
Figure 3 shows the cooling energy consumption related to
each control according to the building characteristics
tested – solar orientation, window-to-wall ratio and
width-to-depth ratio. As expected, the cooling energy
consumption is strongly related to building
characteristics. Higher consumptions were found in
spaces more affected by external conditions: north and
east-oriented spaces with bigger window-to-wall ratios
and width-to-depth of 1:1.
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Figure 3: Relation between cooling energy consumption and building characteristics (solar orientation, window-towall and width-to-depth ratios) according to different controls of blinds.
North and east-oriented spaces had greater cooling energy
consumptions in relation to west-oriented ones due to the
incidence of direct solar radiation during working hours.
Thus, lower energy consumption and variations were
found when different controls of blinds were used in westoriented spaces; even so, solar-radiation-based control
still plays an important role. By investigating the content
of the weather file used in the simulations, it was found
that the solar radiation index is lower for the west
compared to both north and east orientations. This may be
an inconsistency in the weather file available for
Florianópolis.
Regarding the width-to-depth ratios, Ghisi et al. (2005)
found similar outcomes about their influence on the
building energy consumption. The authors showed that
the energy consumption decreases as the width of the
room decreases and its depth increases. Thus, as the
spaces with width-to-depth ratio of 1:1 consume more

energy to cool the air, they are more susceptible to
improve their performance when different controls of
internal blinds are used (e.g., cooling energy consumption
of east-oriented spaces with a window-to-wall ratio equal
to 80% varied from 87 to 105 kWh/m².year – about 21%
variation). Although less impactful, spaces with smaller
window-to-wall ratios and width-to-depth ratio of 1:2
were influenced by the controls of internal blinds as well
(e.g., cooling energy consumption of east-oriented spaces
with a window-to-wall ratio equal to 20% varied from 44
to 50 kWh/m².year – about 13% variation). As they have
less glazed area in the envelope, different controls of
blinds have a smaller influence on the indoor conditions
and energy consumptions. This building-dependent
impact of internal blind control follows the concept of
robustness of building design proposed by Buso et al.
(2015) and occupant-proof buildings shown by O’Brien
(2013). In this case, buildings that are less affected by
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external conditions are more robust against variation of
internal blind adjustments.
Among the strategies tested, solar-radiation-based control
was found as the main reducer of cooling energy
consumption on north, east and west-oriented spaces. This
outcome is valid for all the window-to-wall and width-todepth ratios. As solar radiation index is lower for the west
compared to both north and east orientations, the
influence of this control is less impactful in west-oriented
spaces. An opposing outcome was found for southoriented spaces, where the direct solar radiation does not
play an important role at the latitude of Florianópolis. In
this case, temperature-based control was found as the
main responsible for reducing cooling energy
consumptions. Although not being the most impactful
strategy, temperature-based control reduced cooling
energy consumption in all cases; in most results, this
strategy is more effective compared to time-based
controls.
In general, time-based control was the less impactful
strategy regarding the reduction of cooling energy
consumption. However, this outcome is due to the rules
created according to occupant responses to the
questionnaire. Time-based control does not influence the
cooling energy consumption of south-oriented spaces
because occupants stated that internal blinds remain
mostly open throughout the year in this orientation. It is
important to note that southern façades are affected by
direct solar radiation mainly in summer during
unoccupied hours – beginning of the morning and end of
the afternoon. Overall, time-based control is more
effective for east and west-oriented spaces, where the
times for internal blind closing coincide with the
incidence of direct solar radiation on the façades.
As the influence of controls of internal blinds on cooling
consumption is strongly linked to building characteristics,
there is a need to inform occupants about how their
actions influence the building performance. In this regard,
Yao (2014) stated that occupant interactions with internal
blinds should be improved to better respond to outdoor
conditions aiming at reducing energy consumption.
Providing guides to control internal blinds or promoting
awareness campaigns for occupants may play a role to
solve this issue.
The influence of temperature-based control and the
impact of internal blinds on the reduction of the amount
of time that the setpoint temperature is not met are
strongly linked to the HVAC configuration in the
EnergyPlus programme. Different systems, such as those
with Variable Refrigerant Flow (VRF) technology, could
impact on the results in their own way and this influence
should be tested in future studies.
Using different finishings in internal blinds
Figure 4 shows that using different finishings for internal
blinds impacted on the confidence intervals and averages
of cooling energy consumptions of the cases tested.
Further investigation was conducted to understand how
different finishings affected the cooling energy

consumption according to solar orientation and controls
tested.

Figure 4: Relation between internal blind finishings and
cooling energy consumption.
The cooling energy consumption of spaces was compared
case-by-case considering the two finishings. First
evidence (see Figure 4) supported that spaces with
metallic blinds consume less energy when compared to
similar spaces with fabric blinds. In this regard, Figure 5
shows the reduction of cooling energy consumption in the
cases tested using metallic blinds compared to fabric
blinds.

Figure 5: Reduction in cooling energy consumption of
spaces with metallic blinds in relation to fabric blinds.
It is important to notice that the influence of metallic
blinds on the cooling energy consumption is related to
both building characteristics and control patterns. The
most influenced by the external conditions (i.e., a
window-to-wall ratio equal to 80%), the most impactful is
the change in the finishing of internal blind – see
variations between east and south-oriented spaces.
Similarly, to the overall consumption, changing fabric
blinds to metallic blinds was more effective for north and
east-oriented spaces. Metallic blinds were responsible for
reducing up to 12% of cooling energy consumption

________________________________________________________________________________________________
2274
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________
compared to fabric blinds when solar-radiation-based
control was adopted; up to 5% with time-based control;
and up to 4% with temperature-based control.
As the solar radiation is low in south-oriented spaces the
control of internal blinds triggered by solar radiation had
no remarkable result. In this case, the changing in
finishing was more impactful when internal blinds have
temperature-based control.
The simulation results have proved that using internal
blinds reduce the cooling energy consumption of
buildings and that different finishings have different
outcomes. Thus, it was tested if different internal blind
finishings and controls influence the amount of time that
the setpoint is not met during working hours compared to
the cases without blinds. Figure 6 shows the results of this
analysis. Similarly to the cooling energy consumption, the
reduction of the amount of time that the setpoint
temperature is not met during working hours is related to
the window-to-wall ratio of spaces. Thus, the larger the
windows are, the more effective the internal blinds are for
the indoor thermal conditions.
Regarding the influence of different finishings on the
reduction of the amount of time that the setpoint
temperature is not met during working hours, it is
important to notice that the control of blinds has unlikely
impacts for different finishings tested. Temperature-based
controls impact more the spaces with metallic blinds (up
to 70% of reduction), while solar-radiation-based controls
are impactful for spaces with fabric blinds (up to 50%).
This may be due to both the conductivity and
transmittance of those materials. As metallic blinds have
higher
conductivity and
lower
transmittance,
temperature-based control may trigger internal blinds
closing in moments with low solar radiation, which
reduces the overheating of blind slats while blocking
diffuse radiation. On the other hand, fabric blinds have
much lower conductivity and may not overheat even
when there is high direct radiation incidence. This
difference in the superficial temperature may influence
the radiant temperature of the space, which impacts the
indoor operative temperature. As shown by Bessoudo et
al. (2010), the use of internal blinds can boost indoor
thermal conditions as they improve the operative
temperature and reduce radiant asymmetry.
The decrease in the amount of time that the setpoint
temperature is not met during working hours improves
indoor thermal conditions. Such improvements may
reduce the thermal discomfort of occupants. D’Oca et al.
(2018) concluded that office workers consider easier to
share control of internal blinds and shades than thermostat
settings. Thus, this finding provides a solution to
improving indoor thermal conditions without bothering
occupants. It is important for occupants to be aware of
how human-system interactions impact the performance
of buildings. Such awareness can play an important role
and boost performance levels during the operation phase
of building life cycle.

Figure 6: Variation in the amount of time that the
setpoint temperature is not met during working hours
compared to spaces without blinds.
The results found support the concept presented by D’Oca
et al. (2018) that the human dimension of energy
consumption in buildings is important for different
stakeholders throughout the building life cycle. Results
shown herein can inform building designers about the best
options regarding internal blinds (both automation
controls and finishings); operators and managers can
improve the systems already used in buildings by
changing some materials or adapting the way they are
controlled; and occupants can be informed about to what
extent their behaviours influence building energy
performance, aiming at boosting performances by
increasing occupant awareness.
Generalization of this study
The outcomes presented are strongly linked to the climate
of Florianópolis, location and culture. Considering
different cities in Brazil (e.g., where latitudes are near
zero), the reported period when blinds are closed could be
different: users in south-oriented spaces probably close
internal blinds throughout the year more frequently than
users do in Florianópolis. Moreover, considering users in
totally different climate and culture (such as northern
America or Europe) may impact even more the results.
Thus, a cross-location assessment should be important to
understand and compare outcomes. Regarding user
behaviour in buildings, a framework and a cross-country
survey was proposed by D’Oca et al. (2017) and was
included as one of the main findings in the final report of
the Annex 66 (Yan and Hong, 2018). Similar evaluations
may be done in different locations through a low-cost
framework structured in Figure 7. Although a simple
approach, this proposal can improve design practices in
developing countries, where data from smart meters and
building sensors to understand user behaviour are hardly
available. For different locations, researchers and
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building designers may test combinations of controls and
finishings of internal blinds similarly to what has been
done in this study. Valuable insights regarding the choice
of appropriate controls and finishings to improve indoor
conditions according to the local climate can be reached.

Figure 7: Proposed framework to apply the method in
different locations.

Conclusion
This paper has shown the influence of controls and
finishings of internal blinds on the cooling energy
consumption of spaces with different building
characteristics located in Florianópolis – southern Brazil.
Three control patterns were configured according to
occupant self-reported stimuli that trigger adjustments of
internal blinds. Controls based on rules regarding time,
indoor temperature and solar radiation on windows were
tested. Such controls were compared to scenarios with no
internal blinds. Moreover, both fabric and metallic
internal blinds were tested and all the variations were
combined to different building characteristics such as
solar orientation, window-to-wall ratio and width-todepth ratio. Building performance simulations were
conducted using the EnergyPlus computer programme.
This paper addresses the following noteworthy outcomes:
(a) Influences of controls of internal blinds are related to
building characteristics: the most the building is
influenced by the exterior conditions, the most it is
impacted by different control strategies. In this aspect,
controls of internal blinds have mostly impacted spaces
with a window-to-wall ratio equal to 80%, width-to-depth
ratio equal to 1:1 and both north and east solar
orientations. This outcome supports the idea that
designing robust buildings is a possible solution to reduce
the discrepancies between expected and real energy
consumption during building operation;
(b) Solar-radiation-based control was the most important
strategy for reducing cooling energy consumption in the
north, east and west-oriented spaces. For the southoriented ones, temperature-based control was the most
impactful as this orientation is the lesser influenced by
direct solar radiation throughout the year;
(c) Metallic blinds result in less cooling energy
consumption than fabric blinds. Considering both the
average of all cases tested and the averages grouped

according to building characteristics, metallic blinds
reduced the cooling energy consumption. Greater
reductions were obtained for solar-radiation-based control
in north, east and west-oriented spaces;
(d) The amount of time that the setpoint temperature is not
met during working hours was reduced when internal
blinds were used compared to the “without blinds”
scenario. This is an important finding as it suggests that a
less disturbing interaction (adjustment of blinds) can
impact the indoor thermal environment and reduce the
necessity of more bothering interactions (adjustments of
thermostats);
(e) Associations of controls and finishings of internal
blinds had contrasting outcomes on the amount of time
that the setpoint temperature is not met during working
hours. Temperature-based control was most effective
when metallic blinds were used, while solar-radiationbased control had better results for fabric blinds. This
outcome is due to the thermal properties of each material,
and this information can be used during building design
processes to improve indoor thermal conditions at the
operation phase.
Although many strategies for controlling internal blinds
have reduced the cooling energy consumption,
combinations of strategies may have more impact on the
energy performance of buildings. This solution could
solve problems like: a temperature-based control does not
close the blinds during winter even when occupants suffer
from visual discomfort caused by excessive solar
radiation; or a solar-radiation-based control opening the
blinds when occupants would still keep them closed due
to the high indoor temperature. Thus, in a real-world
scenario, these controls can learn from occupant
adjustments and enhance both better energy efficiency
and indoor quality levels as shown by Gunay et al. (2013).
Future studies will focus on using Energy Management
Systems in EnergyPlus to test the influence of combined
strategies on the building performance.
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Abstract
Local thermal comfort plays a growing role not only for
occupant satisfaction but also in the energy performance
of a building. Decentralized heating and cooling systems
can be used to enhance thermal comfort for building
occupants at low energy cost. This paper presents a newly
developed controller for combined, central and
decentralized systems inside the building simulation
software ESP-r. It controls decentralized systems and the
central HVAC system based on local and overall thermal
sensation and comfort values, the output of a 65-node
thermophysiology, sensation and comfort model
(PhySCo). The decentralized system modelled is a
movable partition for local cooling or heating called
Thecla. This study shows that using the combined, central
and decentralized, systems could reduce the total energy
consumption from cooling and heating systems by 15%
over a year, while maintaining thermal comfort at an
acceptable level.

Introduction
Thermal comfort plays a growing role in the built
environment. The maintenance of thermal comfort inside
office buildings often comes with a high energy demand.
There is evidence that decentralized systems can play a
crucial role in providing thermal comfort to building
occupants (Boudier and Hoffmann, 2016; Hoffmann and
Boudier, 2016; Kimmling and Hoffmann, 2017b; Luo et
al., 2018) and at the same time they can lead to energy
savings through an extended room temperature deadband
(Hoyt et al., 2015). These low power decentralized
systems can extend the comfortable room temperature
deadband as the occupants still feel comfortable with
higher or cooler overall room temperature. With these
systems they have the opportunity to heat or cool their
immediate thermal environment by themselves.
Up to now, far too little attention has been paid to
applying decentralized systems in building simulation
software. Perhaps this is because of the lack of
alternatives to calculate detailed local thermal comfort
values in the building simulation. Most building
simulation software considers only Fanger’s PMV/PPD
(Predicted Mean Vote)/(Predicted Percentage of
Dissatisfied) (Fanger, 1970). In general PMV is
inadequate for asymmetric conditions (Tanabe et al.,
2000) and under transient conditions as it considers one
overall value only. However, the environmental

conditions in buildings are usually asymmetric (e.g. large
glazing area, radiant heating/ cooling panels,
decentralized systems). For these conditions a detailed
physiology, sensation and comfort model “PhySCo”
(Physiology, Sensation, Comfort) is recommended
(Boudier et al., 2016; Ganji Kheybari et al., 2018).
“PhySCo” allows for the calculation of body
temperatures, local and overall thermal sensation and
comfort values for 16 individual body parts.
This paper is based on the coupling of the building
simulation software ESP-r (ESRU) with “PhySCo”
(Boudier et al., 2016) in consideration of a control logic
of decentralized systems depending on thermal comfort
and local thermal sensation values.
PhySCo
PhySCo is a standalone program that can be coupled with
other tools. It contains a detailed 65-node physiology
model which is coupled with a sensation and comfort
model. The model handles asymmetric environments and
transient conditions and considers personal parameters
such as clothing value and activity level. It takes into
account 16 local values of the five environmental
parameters: dry bulb temperature, mean radiant
temperature, air velocity, relative humidity and solar
radiation. PhySCo calculates the skin and core
temperatures, local and overall sensation and comfort
values for the 16 body parts as well as the whole body.
The physiology model of PhySCo is based on prominent
experimental and numerical work in the field of thermoregulatory models for the human body (Stolwijk, 1971;
Tanabe et al., 2002; Huizenga et al., 2001; Hoffmann et
al., 2012). The physiology model considers the
physiological processes through a complex set of
equations in which the human body is represented by 16
body parts, each of them consisting of 4 layers (core,
muscle, fat, skin) and a blood flow node. This model is
linked to a model based on an empirical study (Zhang et
al., 2010c, 2010a, 2010b) which calculates local sensation
and comfort values for each body segment along with
overall sensation and comfort values. Local thermal
sensation is calculated based on local skin values, whereas
local thermal comfort is calculated based on local thermal
sensation and overall thermal sensation (Zhang et. al.,
2010a, 2010b, 2010c).
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Coupling of PhySCo with ESP-r
In previous work PhySCo was coupled with the building
simulation software ESP-r. The idea and the first
approach is shown in (Boudier et al., 2016). The building
simulation controller regulates the room temperature
setpoints of a zone based on overall sensation and overall
comfort of a detailed manikin located in the zone. The
idea is to maintain a wide temperature deadband while the
manikin is experiencing the desired comfort level and
adapt the lower and upper temperature setpoints of the
deadband if the comfort level drops.
(Wo)Man in Cube
For the detailed calculation of local sensation and comfort
values, the mean radiant temperature (MRT) is essential.
The calculation of local MRT values for the 16 body parts
of PhySCo is based on a detailed view factor calculation
method. Inside the coupling process the approach
“(Wo)Man in Cube” (Ganji Kheybari et al., 2018) was
used to calculate detailed MRT values.
“(Wo)Man in Cube” is a combined method using two
instances of view factor calculation Vf1, Vf2 (Figure 1).
It uses a detailed manikin with 16 distinct body parts (to
be used as input for PhySCo), which is placed inside three
“MRT cubes” at a desired location in the ESP-r zone
(Figure 1).

Figure 1: Left: Three MRT cubes and the seated manikin inside, right:
(Wo)Man in Cube approach with a combined view factor calculation

The calculation of the 16 local MRT values for the body
parts required by PhySCo starts with a view factor
calculation (Vf 1) between the three MRT cubes and the
room geometry in ESP-r (Raytracing method). The
method is straightforward and fast. The “surface
temperatures” of the MRT cubes were used in the local
MRT calculation for the 16 body parts. With a
precalculated set of view factors (Vf 2) between the
manikin and the three MRT cubes, the MRT values for
the body parts can be calculated. For different manikins
and positions, different precalculated sets of view factors
(standing, sitting) were generated. These precalculated
sets of view factors were calculated with the semianalytical method of the open source software View3D
(Walton & Pye).
This paper shows the new approach of a building
simulation controller called “Coupling with PhySCo”
with the option of using additional decentralized systems
in ESP-r to control the decentralized systems and/or any
thermal zone. The modelled decentralized system is a
movable partition for local cooling or heating called
Thecla (Thermoelectric Cooling partition with Active
storage) (Kimmling and Hoffmann, 2016, 2017a, 2017b).
It activates a cold or warm surface with peltier elements.

Thecla provides three individually controllable zones
which target 1) the head, 2) the middle part of the body
and 3) feet and legs.
The control of Thecla inside the building simulation is
based on local sensation, overall sensation values and on
overall comfort. The central HVAC system is controlled
by adjusting the deadband (upper temperature setpoint for
cooling, lower temperature setpoint for heating) in order
to minimize energy consumption and maintain overall
thermal comfort in a positive range.

Methods
Implementation of Thecla
The implementation of the Thecla controller within the
controller “Coupling with PhySCo” is based on the
“(Wo)Man in Cube” approach. The approach is
particularly useful as the three zones can be controlled
individually based on the local sensation values of head,
left/right shoulder or back and pelvis. The head and the
pelvis have an especially high influence on overall
comfort in warm (head) and cold (pelvis) environments
(Zhang, 2003).
The approach of Thecla is implemented by overwriting
the “surface” temperatures of the “(Wo)Man in Cube”
cubes, which essentially act as MRT sensors. Thecla can
be used for heating and/or cooling with two constant
surface temperatures of 35 °C for heating mode and 18 °C
for cooling mode. If any of the zones is not required, the
surface temperature will be overwritten with the actual
dry bulb temperature (DB).
The heating and cooling effect of Thecla is based on
longwave radiation. A lower surface temperature than the
skin or clothing temperature of the human body yields a
cooling effect. For the heating mode, the surface
temperature of Thecla is close to the skin or clothing
temperature, so that the radiative heat loss is reduced and
the body feels warmer (compared to not using the heating
mode).
The method of using the MRT cubes to represent Thecla
requires the calculation of a new set of view factors (Vf
2) according to the “(Wo)Man in Cube” approach if the
distance of Thecla to the person is changed.
Thecla requires an energy demand of 16 W for cooling
and 12 W for heating per zone.
ESP-r controller with Thecla
In the following we explain how the controller acts based
on sensation and comfort values. Sensation in terms of
being warm or cold can be shown on a scale ranging from
-4 (very cold) to +4 (very hot) over 0 (neutral) (Zhang et
al., 2010c). Thermal comfort, the state of mind that
expresses satisfaction with the thermal environment,
(ASHRAE, 1997) can be shown on a scale ranging from 4 (very uncomfortable) to +4 (very comfortable), without
0 (neutral) (the manikin feels either comfortable or
uncomfortable) (Zhang et al., 2010a).
The newly developed controller “Coupling with PhySCo”
is an adapted basic ideal controller BCL00, located in the
bcfunc.F of ESP-r (ESRU). In a subroutine of the
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“Coupling with PhySCo” controller, the control of Thecla
can be selected as an additional control (based on the logic
in Figure 2). The physiology model uses the
environmental input of Mean Radiant Temperature
(MRT), Dry Bulb Indoor Air Temperature (DB), and
Room Humidity, which are calculated for every timestep
in ESP-r. The metabolic rate of the manikin and the air
velocity are defined before the the simulation starts. The
clothing values for the 16 body parts can be obtained for
every timestep in combination with the “dynamic clothing
model” (Rida and Hoffman, 2019) or as fixed input values
for a summer or winter clothing file.
The controller adapts the surface temperatures of Thecla
based on overall ܵ and local sensation ܵ (Table 1) for
the next time step. If required the heating and cooling
setpoints for the central HVAC system are adapted
depending on the values of overall comfort ܥ and overall
sensation ܵ . The setpoints are variable and start with a
wide deadband. If the decentralized systems are used and
a positive comfort level is achieved, a smoothing
condition is used. This brings the setpoints for the central
HVAC system gently back to their initial values (Figure
2).

Table 1: Local sensation setpoints (SP) that define the Thecla
surface temperature (Temp [°C])

Figures 3 and 4 illustrate how the Thecla zones are
performing based on the logic. Figure 3 shows the
controlling sensation values and Figure 4 the
corresponding activated Thecla zones.

Figure 2: Flowchart of the logic inside the controller
Based on the logic, the Top zone will be used for cooling
if the local sensation value of the head (Sl_head) exceeds
0.8. The middle and the bottom zone are not activated
most of the time. Only on two occasions are they also used
for cooling because at that time overall sensation ܵ
reached a value above 1.5. In this case all zones are
switched on for cooling (see also Figure 2).
Local and overall
sensation values [ ]

Local sensation setpoints for the controller
The following table shows the local sensation setpoints
(SP) to define the Thecla zone’s surface temperatures
(Temp) for heating, cooling or in the case that Thecla is
not activated. In the last case DB is used. As the pelvis is
sensitive to cold environments (Zhang et al., 2010c), the
cooling setpoint was defined higher (SP 1.0) than for the
other body parts. The setpoints for heating and cooling
show different values because the body parts have
different sensitivity to warmth and cold (Zhang et al. 2010
a,b,c).

3
2
1
0
‐1
‐2
‐3

So

> 0.8
0:00

>1.5
12:00

Sl_head

Sl_Lshoulder

0:00
Sl_pelvis

Figure 3: Controlling sensation values, one day in June
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Thecla. DB is regulated by the adaptation of the
comfortable deadband and should always be between TL
and TU.

20
15
0:00

12:00

Top zone

0:00

Middle zone

Bottom zone

Figure 4: Activated Thecla (mostly Top zone) for cooling
(18°C), one day in June

Metabolic rate [met]

TL [°C]

2

0.5

1.0

18

28

10

2

0.5

1.0

18

28

--

TU [°C]

Thecla distance to
Manikin [cm]

Clothing factor

with
Thecla
without
Thecla

Timesteps per hour

Case

Room geometry and Manikin
A simple shoebox model with a length of 5.0 m, width of
3.0 m and height of 2.7 m was used for the simulations in
ESP-r. The window to wall ratio is 30% with one window
facing the south.
The detailed manikin geometry originates from the open
source software ladybug (Ladybug Tools). The surface
areas of the single body segments match the surface areas
of the physiology model used inside PhySCo with a total
surface area of 1.87 m².
Simulation parameters
Table 2 shows the simulation parameters such as clothing
factor, metabolic rate, as well as the upper and lower
setpoints of the deadband, (TU, TL) which were kept
constant. When Thecla was used, the distance between
Thecla and the arm of the manikin was kept at 10 cm.
Table 2: Simulation parameters

Results
The following section shows the comparison of 1)
adaptation of the deadband, 2) energy demand 3)
sensation and comfort values based on simulation results
for the months of August and November.
1. Adaptation of the deadband
The simulations show the adaptation of the comfort
deadband which consist of a lower setpoint temperature
(TL) and an upper setpoint temperature (TU). The
deadband was chosen with initial setpoints of TL = 18 °C
and TU = 28 °C which represents a relatively broad range
with the intention of reducing energy demand. Figure 5
presents the setpoint variation along with the dry bulb
temperature for both cases, with and without using

40

30
28

35

26
24

30

22
20

25

18
16

DB Temperature [°C]

25

20
1.8

11.8

TU_with
DB_with

21.8

31.8
TU_without
DB_without

Figure 5: Adaptation of the deadband in August,
Comparison of the cases with and without Thecla
In order to assess the impact on the deadband adaptation
when using the controller with Thecla, Figure 5 shows
results for a summer month (August). It can be noted that
the upper set point temperature, which activates the
central cooling system, is usually higher when using
Thecla compared to without Thecla, which indicates that
the manikin is still comfortable. For the case with Thecla
the smoothing condition is visible in diagonal lines. There
are a few days where the TU_with exceeds TU_without
and shows lower setpoints. That happened due to the fact
that the DB_without of the previous day was lower than
DB_with. On these few occasions, higher sensation
values activated the adaptation of TU_with. However,
TU_without is most on the days below the setpoint of
TU_with. DB reaches values of up to 27.5 °C in both
cases.
During a winter month in November (Figure 6) the effect
of using the decentralized system on the deadband
adaptation is more clear.
30

30

28
25

26
24

20

22
20

15

DB Temperature [°C]

cooling 18 °C

Upper Setpoint Temperature TU
[°C]

30

Lower Setpoint Temperature TL
[°C]

Thecla surface
temperatures [°C]
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18
10

16
1.11
TL_with
DB_with

11.11

21.11
TL_without
DB_without

Figure 6: Adaptation of the deadband in November,
Comparison of the cases with and without Thecla
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0.8

Heat injection [kW]

For the case without Thecla the graph shows an adaptation
of the lower setpoint TL to 20 °C. On some days the
setpoint temperatures were set back to the initial value of
18 °C. The setpoint temperature for the case with Thecla
was maintained at the initial setpoint temperature of 18 °C
during the whole month. The dry-bulb temperature in the
case when Thecla was used was significantly lower than
for the case without Thecla.
The adaptation of the deadband has influence on the
energy demand of the HVAC system.

0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
1.11

2. Energy demand
To compare the energy demand of the case with Thecla
and the case without Thecla, the graphs show the cool
injection in August and the heat injection in November for
the controller which is using Thecla (Heatinj_with,
Coolinj_with) and the controller not using Thecla
(Heatinj_without, Coolinj_without).

1.2
1

11.11

16.11

HeatInj_without(kW)

21.11

HeatInj_with(kW)

Thecla(kW)

Figure 8: Energy demand in November, Comparison of
heat injection with and without Thecla
For the month of November (Figure 8) the simulation
results show that the energy demand with Thecla is
significant lower than the energy demand without Thecla.
Thecla was used at least with one zone with power of 12
W. Occasionally more zones were used.

0.8

11.8

CoolInj_without(kW)

21.8

31.8

CoolInj_with(kW)

Thecla(kW)

Table 3: Comparison of the annual energy demand with
Thecla and HVAC and with only HVAC

Figure 7: Energy demand in August, Comparison of
cooling injection with and without Thecla

1398

649

653

96

36

2

58

1653

728

925

Without Thecla

15.4
%

10.1
%

29,4
%

--

Total amount of Energy
[kWh]

Figure 7 shows that the energy demand of the HVAC
system without Thecla is higher than when it is used.
However, the difference between the two cases is not
always significant. When Thecla was used, the HVAC
system was still frequently required and occasionally the
energy demand exceeded that of the case without Thecla.
That was due to a lag in the central system controller and
the dry bulb temperature. Because of a higher dry bulb
temperature for the case with Thecla, the sensation level
rose in some occasions and lead to the adaptation of the
upper setpoint temperature (see explanation in Figure 5).

Thecla
Lower body zone [kWh]

1.8

Core body zone [kWh]

0

Head zone [kWh]

0.2

Total Thecla load [kWh]

0.4

Table 3 below compares the values of the annual energy
demand of the central HVAC with and without Thecla
when only the central HVAC was used. The energy
demand for Thecla is distributed into the three Thecla
zones: head, core, and lower body. Energy savings of
around 15 % can be reached with the combined control
logic of Thecla and HVAC systems compared to the
control logic of just using the central HVAC system.

HVAC heating load [kWh]

0.6

HVAC cooling load [kWh]

Cool injection [kW]

1.4

6.11

Thecla and
HVAC
just central
HVAC
Reduction
in energy
demand
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3. Sensation and comfort values
This section provides the comparison of overall sensation
(ܵ ) and overall comfort (ܥ ).

Overall Sensation [ ]

3
2
1
0
‐1
‐2
‐3
1.8

11.8
So_without

21.8

31.8

Overall Sensation / Comfort [ ]

________________________________________________________________________________________________
3
2
1
0
‐1
‐2
‐3
1.11

11.11

21.11

Co_with

So_with

Co_without

So_without

1.12

Figure 11: Sensation and comfort values in November,
Comparison of the cases with and without Thecla

So_with

Figure 9: Sensation values in August, Comparison of the
cases with and without Thecla
Overall sensation is for both scenarios with and without
Thecla similar in August. Sometimes overall sensation
values exceed a value of 2.

Figure 11 represents the simulation for November. The
overall sensation values are between 0-0.5 and -1 most of
the time. This leads to comfortable conditions and overall
comfort values in the positive range.
The boxplots below show the comparison of overall
sensation (Figure 12) and overall comfort values (Figure
13) throughout the year. The two cases, with Thecla and
without Thecla, are compared.

Overall Comfort [ ]

2
1.5
1
0.5
0
‐0.5
‐1
‐1.5
‐2
1.8

11.8
Co_without

21.8

31.8

Co_with

Figure 12: Comparison of Overall Sensation over the
whole year, with and without Thecla

Figure 10: Comfort values in August; Comparison of the
cases with and without Thecla
The results for August in Figure 10 illustrate that overall
comfort values are in the same range for the cases with
and without Thecla. Overall comfort values range
between -0.7 and 1.3 in both cases.

Figure 13: Comparison of Overall Comfort over the
whole year, with and without Thecla
The boxplots show more outliers in overall sensation
when not using Thecla compared to when Thecla is used.
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The results for overall comfort when Thecla was used
show that the median is clearly in the positive range and
a bit higher than the case where just the central HVAC
system was used. The whiskers for the case with Thecla
are less negative.

Discussion
The intention of this study was to achieve a reduction in
energy consumption in buildings by using a building
controller with a localized heating and cooling system to
support a wide deadband of comfortable room
temperatures. The results from the simulations
demonstrated that a noticeable reduction in the energy
consumption of the central HVAC system can be
achieved with an increased deadband. Moreover, the
energy demand of the central HVAC system could be
reduced while keeping the comfort values at the same
level.
Figure 8 shows that the required power of Thecla
fluctuates in August from 16 W to 48 W. Sometimes all
zones are switched on because overall sensation rises
beyond 1.5 (see also Figures 2 and 3). In this case all three
zones were used for cooling. The level of 1.5 has been
selected, as high sensation levels lead to votes of
discomfort. To overcome a high sensation level this
condition was chosen to directly react at all body parts.
High indoor temperatures occasionally lead to overall
sensation values over 2 and consequently to votes of
discomfort (Figures 9, 10). The head is very sensitive to
warm conditions. In this case the cooling condition of
Thecla is not enough and a further decentralized system is
recommended. However, overall comfort in both cases
ranges between -0.5 to 1.0. With Thecla, the energy
demand could be lowered by 1.6% while maintaining the
same level of comfort. The votes of slight discomfort
cause the control logic to switch to using the central
HVAC system. The logic could be changed back to an
abrupt change of TU to the initial setpoint TUi, instead of
the smoothing condition for the case with Thecla. The
smoothing condition requires further investigation in
terms of thermal comfort and further possible reduction
of energy demand.
For the simulation in November the deadband for the
logic with Thecla could be maintained consistently at the
initial setpoint, whereas the lower setpoint for the case
without Thecla was adapted several times (Figure 6). The
dry bulb temperatures are also different for the control
logic with Thecla and without Thecla in Figure 6. Lower
dry bulb temperatures in winter are accepted with the
decentralized system and the same comfort level can be
maintained (see Figure 11). The overall sensation values
are between -0.5 and 1 most of the time. This still leads to
comfortable conditions and overall comfort values within
a positive range (Figure 11). The maintenance of the
initial setpoint TLi leads therefore to a significantly lower
heating demand in the simulation with Thecla compared
to the simulation without Thecla (Figure 8).

As expected the reduction of the annual energy demand is
around 15 % for the combination of the decentralized
system with the central HVAC system (Table 3). The
decentralized system can support a positive comfort value
where the HVAC system is less required. The heating
load of the central HVAC system could be reduced
substantially by 270 kWh. The cooling load could also be
lowered by 70 kWh. For the summer conditions solar
influence and high indoor temperatures play a crucial role.
In this case further decentralized systems could be helpful
to minimize the heating load for the head, which is
sensitive to warm conditions (Zhang, 2003) and lead to a
further reduction of the cooling demand of the HVAC
system.

Conclusion
Decentralized systems are a great way to decrease the
energy consumption of the central HVAC system and
provide a positive level of thermal comfort for building
occupants in new and retrofit buildings. The newly
developed controller, which acts based on local sensation,
overall sensation and overall comfort values, is a helpful
tool to calculate the possible reduction in energy demand
and the thermal comfort of occupants when using
decentralized systems such as Thecla.
For the winter months the building simulation controller
“Coupling with PhySCo” in combination with the
decentralized system Thecla, can achieve clear results in
terms of the desired reduction in energy demand as well
as for positive comfort values. For the month of
November, the deadband adaptation for the case without
Thecla was variable. For the case with Thecla the lower
setpoint TL could be maintained at a constant value at the
initial setpoint temperature and the heating demand could
get minimized.
During the summer months the controller in combination
with Thecla can also decrease energy demand. For high
indoor temperatures some additional decentralized
systems are suggested, as for example a fan for the head
region, which is particularly sensitive to warmth (Zhang,
2003), (Luo et al., 2018). However, throughout the month
the simulation with Thecla achieved a lower cooling
consumption than the simulation without Thecla.
Overall, the results indicate that the achieved comfort
level and the reduction in energy demand of the central
HVAC depend strongly on the logic used. Higher comfort
values can be achieved by changing the control logic. In
this paper the focus was to reduce the energy demand with
regard to a positive comfort level.

Outlook
In the future this coupling controller will be accessible to
the research community as part of a new ESP-r release as
well as for designers and engineers to plan its possible
usage and assess the benefits of decentralized systems.
Besides Thecla an office chair with heating and cooling
functions will then be available in the controller.
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Abstract
As residential thermostats have become increasingly
capable of sensing occupancy, reliably predicting future occupancy over short-term control horizons becomes a key mechanism for improving the efficiency
of heating, ventilation, and air conditioning (HVAC)
systems. Past research has established successful
conditional dependencies in modeling and simulating future occupancy states for residential applications based on manually collected or sensed data.
These studies often are small-scale tests with limited
use of commercially available data. Using a large
dataset representing the relatively new class of devices called connected thermostats, two probabilistic
methods were identified and implemented in hopes of
identifying candidates for future control and simulation applications. Logistic regression and a Markov
model were used to conduct inference on a defined
model of motion detection. Testing was done on actual device data from 1000 real homes. Both methods
were found to have average accuracies above 80% in
next timestep prediction. The Markov model performs better over a longer horizon (of up to 3 hours).
In classification error types, the Markov model outperforms the logistic model both in terms of false positive and false negative rates. The results of the logistic regression are shown to improve with some simple
encoding strategies.

Introduction
Thermostats are often considered a mechanism for
both reducing energy and maintaining comfort. One
basic method for achieving heating and cooling savings within the home, while not sacrificing comfort,
is to engage in setback (or setup) periods when the
home is unoccupied (Peffer et al., 2011). Traditionally this has been accomplished by programming a
schedule in a thermostat that reflects the occupancy
pattern of the residents. A correctly programmed
thermostat has been shown to save 25% of natural
gas consumption for heating while maintaining comfort for the occupants (Nelson and MacArthur, 1978).
Achieving this level of savings relies on the diligence
of the homeowner or property manager to set up and
maintain these schedules. Unfortunately, it has been
found this ideal situation is often not the case (Nevius

and Pigg, 2000; Pritoni et al., 2015; Peffer et al.,
2011).
Previous research has attempted to adapt HVAC controls to the patterns of occupants. The ‘PreHeat’
algorithm (Scott et al., 2011) sought to predict occupancy and reduce the heating energy requirements
for a home by finding the most similar days based
on occupancy patterns in the home’s history. These
occupancy patterns were based on observations from
a combination of radio frequency and motion detection sensors. The algorithm was capable of reducing
gas consumption in addition to reducing time spent
in temperatures not in the desired range when occupied. Panagopoulos et al. (2015) developed the ‘Adaheat’ system for heating control using the probabilistic methods from Scott et al. (2011) but using their
own sensing data for occupancy state. Krumm and
Brush (2011) utilized a GPS network to be able to
generate probabilities that an occupant was home at
certain times every day. These investigations rely on
methods difficult to scale with hundreds of thousands
of devices particular with the resources of edge computing (i.e., on the device). Further they often rely
on sensor networks or devices which go beyond those
currently seen in common residential thermostat and
sensing network configurations.
The latest generation of thermostats, connected thermostats, maintain a link to external and complementary systems through an active wireless internet
connection. With this communication ability, connected thermostats attempt to maximize the savings
by simplifying the scheduling task and allowing control of setpoints, system modes, and current occupation state of the home from access points other than
the thermostat (Ford et al., 2017). The active adaption to the current state of the home by the thermostat is done through manual adjustment or the
use of various sensing technologies (Ford et al., 2017;
Kleiminger et al., 2014). For example, if the home
is scheduled to be occupied but no occupancy (or inferred occupancy) is being detected, the system can
decide to go into an away mode. Ideally, these reactive controls should incorporate understanding about
the individual users occupancy patterns and characteristics of the home to be able to properly weigh the
benefits of aggressive strategies while maintaining an
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appropriate threshold for user-discomfort. With the
longitudinal data available for each connected thermostat device, machine learning can be utilized to
train the required lightweight models to be run on
the device.
This paper documents an investigation into the design and effectiveness of two basic machine learning models in preforming future prediction of detected motion over short time horizons. The investigation utilized commercially representative interval data from actual connected thermostat devices
enrolled in the Donate Your Data (DYD) program
(ecobee Inc., 2018). The ecobee devices often have
multiple sensor points within the home as these particular connected thermostats support remote sensors
which are paired with the thermostat. Use of the
real device data exposes the investigation to one of
the major technical challenges faced by industry in
that the motion capture data from passive infrared
sensors (PIR) only infers the occupancy state of the
home. With that limitation, testing of the methods
will address two fundamental questions:
Q1 How accurate are predictions made using the
Markov and logistic regression models over a
short-horizon (a few hours) and how does that
compare to baselines of using the previous state,
the most frequent state in general, or most frequent state at certain times of day?
Q2 How do the Markov and logistic regression models
compare in specific classification error rates (i.e,
false positives and false negatives)?
The remainder of the paper is structured as follows:
the Literature Review section provides an overview of
related works, the Methodology section reviews the
data source, and a description of the training and
testing used in our investigation. The Results and
Analysis section presents the findings and discussion
regarding Q1 and Q2, and finally the Conclusion section contains the summary of findings from the investigation and identifies future works.

Literature Review
It has been previously established by the work of
other researchers that the presence of people in buildings can be predicted by a number of different parameters. Often presence in a space (e.g., building, thermal zone, room) is considered a Markovian process
(i.e., dependent on the previous state of the system).
Markov models have been applied to occupancy patterns in buildings; including in residential applications (Page et al., 2008; Lu et al., 2010; Dong et al.,
2018; Dobbs and Hencey, 2014; Li and Dong, 2018).
The order of the Markov property (i.e., how many
previous time steps have an effect) can vary. Page
et al. (2008) claimed that the future presence should
be a first order Markovian system and not posses any
history beyond the previous time step. Meanwhile

Li and Dong (2018) had a dynamic value based on
the prediction length being sought. The appropriate
order of the system would be affected by the length
of time periods and sensor types. In addition to just
previous motion, many developed methods have included both a Markovian component and a temporal
component (Dobbs and Hencey, 2014; Li and Dong,
2018; Page et al., 2008; Shi et al., 2017).
In the implementation of an occupancy prediction
model for use with a preheating system of a residential building, Scott et al. (2011) considered only similarity in the temporal patterns for predicting occupancy later in the day. The type of day has also been
identified as a driver of people’s patterns of motion
and occupancy. Anecdotally, Scott et al. (2011) described it as “weekend chaos” in comparison to weekday occupancy patterns. Similarly, in applications
to office spaces the difference between weekdays and
weekends are explicitly or inherently differentiated
(Zhao et al., 2015; Gunay et al., 2015). Depending
on the sensors available, other features such as carbon dioxide, light, or humidity features have also been
considered when seeking to predict occupancy states
of a home (Candanedo et al., 2017). Shi et al. (2017)
implemented a logistic regression with the covariates
to the problem being hour of day and previous occupancy.

Methodology
The following section outlines the design of the problem for motion-state (or occupancy) prediction based
on the conditional relationships found in the literature. Two methods for conducting inference based
on the relationships and predicting motion are presented. In addition, the baseline comparison methods
and data source are described.
Data
The data used in the investigation was taken from
the DYD program (ecobee Inc., 2018) administered
by the North American connected thermostat manufacture ecobee Inc. The dataset contains over 25,000
thermostats and up to 33 months of data per device. For each thermostat some metadata is provided and consists of general information such as location and equipment type. Many of these values
are user-reported. For each device there is also interval data (at a five-minute frequency) of the measurements recorded by the thermostat and any remote
sensors. The thermostat records information including temperatures, motion detections, and the equipment runtimes. The remote senors are small, batteryoperated devices sold with the thermostat. They connect to the thermostats using a radio signal. These
sensors contain an additional temperature and PIR
sensor. The placement of the remote sensors in the
home is unknown, with users free to place them as
they wish. The users are provided recommendations
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on best practices with regards to the the placement.
A thermostat can support up to 32 remote sensors.
Huchuk et al. (2018) provides a more detailed description of the data set.
From the general population of thermostats, a sample of 1000 devices were randomly selected from those
who had at least a year of data starting from September 2016. The sample was also limited to generations
of ecobee devices which have native motion detection
on the device in addition to potentially having remote sensors attached. Figure 1 shows, for the 1000
selected devices, the distribution in the number of remote sensors paired with the thermostat. The figure
shows that the majority of people rely on more than
the on-thermostat motion sensor and have additional
motion sensing within their home. The average number of remote sensors per thermostat in our sample
was just over two.
400

Count

300
200
100
0

0

2

4

6

8

10

Number of remote sensors

Figure 1: Distribution in the number of remote sensors for the sample of 1000 thermostats. The vertical
line indicates the average number of remote sensors.
The raw five-minute interval motion data for each
thermostat was resampled to a 30-minute frequency.
The resampling performed a couple of functions.
First, the thermostats already are set on schedules at
30-minute intervals. Second, it helped to reduce noise
in the PIR data patterns. In a control implementation, the motion state would exist at the 30-minute
intervals while control decisions such as HVAC runtime would remain operating at the five-minute, or
even sub-five-minute, intervals. The conversion of
five-minute to 30-minute intervals was considered to
be a logical-OR condition using all available motion
sensors. This method was similar in construction to
the mapping done by Kleiminger et al. (2014). If
at least one motion event was detected within the
30-minute period, that 30-minute period was considered motion positive. If all of the five-minute data
was missing, then the 30-minute period was also considered missing. Missing data can be a result of a
number of issues. Most are related to power to the
device or the wireless internet connection of the device. Based on the data provided, it is not possible to
reliably classify the reason for missing observations.
Two weeks of data for a single user following the occupancy mapping process can be seen in Figure 2.
The data spans Sunday to a Saturday. By inspec-

tion it appears there is fairly consistent motion between 8:00 and 22:00, but there are clear deviations
on days such as 2017-08-08 or in the early morning
hours. Also seen is missing data on 2017-08-07, 201708-09, and 2017-08-10.
Predicting Motion
The features selected for our model were formulated
into the graphical model shown in Figure 3. In the
model, W represents a binary value (0 or 1) for being
a weekday (1) or a weekend (0), H is the half-hour
bin of the day (0 to 47), and M is the motion state (1
for motion, 0 for no motion). The decision was made
to use only a first-order Markov process (Mt−1 ). The
subscript t is the time at the current time step while
t − 1 is the previous time step. The arrows and their
direction in the figure represent dependence while the
double circles (seen around all nodes other than Mt )
indicate that these are observed during inference and
used as evidence. The effects of seasonality, another
factor to presence (Page et al., 2008), was not included explicitly as a conditional variable. Instead it
was accounted for by training the model on data just
before the testing period.
Inference on the Graphical Model
With the problem in the form of Figure 3, it is possible to train a model representing the joint probability of the system. During training, all of the parameters in Figure 3 are provided at each 30-minute
interval of the training period. The joint representation, expressed in Equation 1, once learned can be
queried given any combination of available information. By learning the complete joint probability, the
model contains an extensive hypothesis space and is
able account for various interactions between the parameters. For our inference, the resulting conditional
probability was: P (Mt | Mt−1 , Ht , Wt ). For analysis, this model will be referred to as the Markov
model. The model was implemented using pgmpy
(Ankan and Panda, 2015), a python package designed
for work with probabilistic graphical models.
P (Mt , Mt−1 , Wt , Ht ) =
P (Mt | Mt−1 , Ht , Wt )P (Mt−1 )P (Wt )P (Ht )

(1)

For predictions over a longer horizon than a single
timestep, the general form of Figure 3 can be extended with variables at t+1 and beyond given the requirements. Once the network is formed and trained,
these individual time steps can be queried, resulting
in the probability of there being motion detected or
not at each instance. If the probability of a motion
detection is greater than 50% it is treated as being
detected else it is expected to see no motion. In situations where the sequence of values is of greater concern than the probability of a specific time step, an
additional query option exists. In those applications
it is possible to perform inference with a maximum a
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Figure 2: Actual motion observations for a single thermostat over a two week testing period starting on a
Sunday.

Wt

Mt−1

Ht

Mt

Figure 3: Graphical model indicating conditional dependencies between current motion prediction (Mt )
and previous motion (Mt−1 ), time of day (Ht ), and
whether it is a weekday or not (Wt ).

posteriori (MAP) query. In the MAP query, the maximum value is taken for the unobserved variables, resulting in a predicted sequence of consecutive values.
Both query methods were used during evaluation and
their performance compared. Both individual time
steps and continuous sequences could be of value depending on the intended implementation.
Inference using Logistic Regression
An alternative interpretation of the problem in general is as a classification problem; solvable using logistic regression. Logistic regression has been regularly used in various occupancy and behavioural
applications including occupancy, window opening,
blind operation, and lighting (Dong et al., 2018).
In the most straight-forward implementation of logistic regression, the same values are implemented
as shown in Figure 3. The classifier is assigns a
category value based on the conditional probability
P (Mt | Mt−1 , Ht , Wt ). However, this model has a
more restricted hypothesis space than the graphical
model counterpart limiting its ability to capture all
possible interactions to only a linear weighting to

those feature values. To extend this model, an additional method was implemented in which the feature
combinations of Mt−1 , Ht , and Wt were encoded to a
single value. This new features was input to the logistic regression using one-hot encoding. This provides
logistic regression with a larger hypothesis space to
deal with more complex relationships. Both the encoded and non-encoded logistic regression were implemented using Scikit-learn (Pedregosa et al., 2011).
Baseline Methods
To compare with the logistic regression and Markov
model inference, three baseline methods were constructed. These were intended to be simple and easily
implemented solutions. The most frequent state baseline predicts the most frequent state in the training
data for an individual. For example, if a user is away
a majority of the time, then predictions were always
of the away state. The most frequent state in that
time bin baseline took the most frequent state in that
particular 30-minute bin for that user in the training
set regardless of day type. Finally, the previous state
baseline was propagating the last observation of motion to the next queried state.
Training and Testing
The training and testing of the methods was conducted in the same way for each model. Four 10-week
periods were selected; one in each season. The first
eight weeks of each test period were used for training while the last two weeks were used for testing.
For each thermostat and with each model, predictions
were made from time t until t + 5. The decision of a
three hour prediction falls in line with similar investigations on predictive control. Other predictive HVAC
applications have used various differing lengths including 60 minutes (Panagopoulos et al., 2015; Dobbs
and Hencey, 2014), 90 minutes (Scott et al., 2011), or
even 24 hours (Li and Dong, 2018). The three hour
prediction horizon would be useful in most thermal
planning applications deviating away from a schedule; however depending on the home’s construction
this could reasonably be too much (in a small, low
mass home) or too little time (in a large, thermally
massive home). All the models and baselines could be
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Figure 4: Motion prediction at time Mt for a single thermostats over a two week testing period (starting on a
Sunday) using the non-encoded logistic regression.
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Figure 5: Motion prediction at time Mt for a single thermostats over a two week testing period (starting on a
Sunday) using the Markov model with the marginal query.

extended to longer durations than three hours simply
by extending in a similar fashion past t + 5. For the
logistic regression (both encoded and non-encoded),
the training incorporated a three-fold cross-validation
to prevent over-fitting. During the cross-validation,
the regularization strength was tuned for each model
using a grid search with values from 10−4 to 104 at
orders of magnitude in between. The logistic regression was trained with a unique model for each time
prediction (i.e., Mt and Mt+5 were found using their
own models).

Results and Analysis
An example of prediction during one test using the
non-encoded logistic regression, on the same individual as in Figure 2, at the Mt timestep can be
seen in Figure 4. Visually it can be seen that the
model is consistently predicting occupancy from 9:00
to 20:00 which roughly looks likes the actual motion
patterns but often is falsely predicting motion. The
non-encoded logistic regression does not predict any
of the early morning (0:00 to 7:00) motion seen in
Figure 2. In contrast, the results from the Markov
model for the same user at the same prediction of
Mt are seen in Figure 5. While the majority of time
between 8:30 and 20:00 is being predicted as having
motion, it does identify some periods of no expected
motion. It also predicts at least a few motion states
in the early morning.
To answer Q1, an average daily accuracy score for

each user was tabulated for each method using the
compiled data from all 1000 thermostats and all tests.
Figure 6 shows the distributions of this value for both
versions of the logistic regression along with both
query types on the Markov model and the baselines.
The accuracy is calculated at each 30-minute timestep
prediction and then averaged each day per thermostat. The median value for the Markov model (using
either query option) appears to the be the most accurate across the test cases, with a median value of 82%.
It can be seen that the encoded logistic regression out
performs the standard one, especially once the horizon increases past Mt . Finally, the previous state is
found to be a relatively good predictor at a single time
step ahead, though none of the baselines appear to
perform very well compared to the logistic regression
or Markov models. The most frequent state in that
time bin baseline does have very stable performance
across the increasing prediction lengths. In applications of longer predictions horizons than three hours,
the conditional dependence to previous motion state
is expected to continue to decline and performance of
the logistic regression and Markov models would be
closer to that of the most frequent state in that time
bin baseline.
The median daily average accuracy value of 82%
at time t is comparable to the accuracies achieved
by others in residential settings (Candanedo et al.,
2017; Kleiminger et al., 2014). Given the inherent variations in individuals schedules and activities (especially if multiple people may habitat the
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Figure 6: Average daily accuracy for each thermostat and each method at different prediction horizons.
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Figure 7: Average daily number of false positives for each thermostat and each method at different prediction
horizons for Markov and logistic regression models.
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Figure 8: Average daily number of false negatives for each thermostat and each method at different prediction
horizons for Markov and logistic regression models.
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same dwelling) it is expected there is a theoretical
maximum in achievable accuracies with only a single sensor type. Kleiminger et al. (2014) quantified
for 45 homes that the “predictability” and therefore
theoretical limit existed as high as 90% using cell
phone telemetry data. However, their best performing method was reported as achieving only 85% accuracy. Our accuracy values also appear similar to
many investigations highlighted in a comparison of
office studies reviewed by Shen et al. (2017). Generally, those with higher accuracies were able to rely on
the blending of multiple sensor types or had the ability to install their own sensors in presumably ideal
locations.
While accuracy levels are a standard measure for
making correct predictions, it does not quantify the
types of errors that are occurring. Given the context
of predicting future occupancy and potentially making a control actuation, a false positive (FP) and a
false negative (FN) have very different ramifications
in their result. As such, and in answering Q2, the error rates were averaged per day per thermostat. The
results of the FP testing are shown in Figure 7 for
only the logistic regression and Markov models. The
figure shows the trend of more FP errors with increasing time horizon length. The thermostat daily
average FN rates are found in Figure 8. While all
four models appear similar at a prediction of only Mt ,
the non-encoded logistic regression model appears to
degrade the most in performance on longer horizon.
Generally, the median FN rates are of a similar magnitude to the FP rates in Figure 7. Comparing the
logistic regression and Markov models on their accuracy values, FP rate, and FN rate the Markov model
appears to out perform the other methods at both
nearest and furthest time steps. The encoding of the
features in the logistic regression does appear to improve the accuracy values and reduce the error rates
in both FP and FN.

Conclusions and Future Works
The capabilities of two simple probabilistic methods,
logistic regression and a Markov model, were tested
for motion prediction in residential buildings. The
investigation used raw, and representative data from
1000 connected thermostat devices. The two methods, in multiple configurations, were both able to beat
simple baselines in terms of accuracy and achieve similar accuracies to the reported values from other investigations. The Markov model, given its larger hypothesis space, was able to outperform a simple logistic
regression. This advantage was diminished by taking
the effort to encode the features and create a similar hypothesis space. In a comparison of error rates
both in false positives and false negatives on predictions made up to three hours in advance, the Markov
model appears to outperform the standard logistic
regression. While the Markov model remained con-

sistently the best performer, logistic regression when
properly designed can be similarly effective.
In the future, the number of methods is intended to be
expanded. While these models were selected because
of their relative simplicity and ability to be scaled or
deployed on existing hardware devices, they do still
have their limits or assumptions which other methods
may address. For example, use of deep learning methods such as the recurrent neural net, which captures
past information in its structure, may find dependencies that are deeper in the history or based on more
complex relations between variables. Alternatively, a
hidden Markov model would better reflect the partial
observability of occupancy based only on PIR motion
detections and allows for the longer-term propagation
of the historical information through a belief state.
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Abstract
During building renovation projects, the space is shared
between the construction crews and occupants. The
construction works change the building layout and
movement flow, which increase the occupants’
vulnerability, affecting their evacuation behaviour under
emergency conditions. Hence, the safety and wellbeing of
the occupants should be considered during renovation
planning. Accordingly, this paper presents an AgentBased Model (ABM) co-simulation framework that
utilizes workspace management to represent the occupied
spaces during construction, and to evaluate their impact
on evacuation under fire incidents. This framework was
used to evaluate the construction plan alternatives of the
9th floor of Concordia’s EV building, resulting in a
maximum of 17% delay in evacuation time in one
alternative.

Introduction
Renovation projects include reconstruction, rehabilitation
and remodelling of existing buildings. They constituted
around 30% of the construction expenditures in the
commercial and institutional sectors alone (Lee, 2012).
The nature of renovation projects makes them harder to
plan than new projects due to the additional constraints
imposed from the existence of a fully occupational /
operational building. Examples of such constraints are:
(1) avoiding any unnecessary demolition and maintaining
the integrity of existing structure, hence limiting the
construction space; (2) adding specialized tasks /
equipment to minimize impacts as dust and noise during
construction; (3) using limited equipment and resources
that can function safely within a building; (4) increasingly
complex demolition plan to avoid the interruption of
existing operations within the building; and (5) operating
and transporting materials at non-regular hours to
minimize interruption to the building occupants.
However, the main complexity of renovation projects is
planning the construction works, while considering the
occupants’ safety and wellbeing as the primary objective
during the entire project duration. This is critical under
both normal and emergency conditions; to ensure minimal
disruption and maximum health and survival
circumstances respectively. On one hand, the works may
deal with flammable or toxic materials, which increase the
risk of fire and jeopardize the air quality in a building. On
the other hand, the works may block or limit the access to

certain areas, which creates an additional challenge when
evacuating the building under emergency conditions.
These factors increase the uncertainties, and accordingly,
the vulnerability of the occupants in any hazardous
incident, such as fire, which is the focus of this paper. By
considering not only the physical-spatial limitations, but
also psychological factors, our proposed ABM is a
genuine contribution to improve the resilience of a
building during renovation construction phases.
This research project approaches the problem of
construction planning from a safety point of view. In this
regard, safe evacuation of occupants is taken as an
objective while sequencing construction activities. The
framework is designed to evaluate the impact of various
construction plans on the evacuation time under
emergency conditions. The modelling framework brings
together attributes of agents, rules governing their
behaviour, and decision models for occupants of an
under-renovation building, under emergency conditions.
The incidence of fire hazard is introduced to the model
and the simulation evaluates the behaviour of occupants
during emergency evacuation, under the construction
constraints. A comprehensive review of the literature was
performed to summarize critical attributes influencing
occupants under emergency condition. Specific scenarios
for construction operations are defined, while a building
is in operation. Then, the requirements of modelling
evacuation behaviour in each scenario under emergency
condition are set.

Review of related works
Building evacuation modelling is a requisite to emergency
planning and associated decision-making. Simulation can
help to examine various what-if scenarios with respect to
occupant’s behaviour and evaluate evacuation strategies.
Several research studies have proposed models for human
behaviour and movements, which focus on agents’
reactive behaviour using pre-determined static rules or
domain knowledge. Recently, there has been an
increasing use of intelligent agents in modelling
emergency evacuations scenarios (Sharma et al., 2017).
Building Information Modelling (BIM) is used to improve
building disaster management by 3D visualization of
building physical components. Moreover, BIM is a rich
resource of spatial and semantic information that
facilitates the design of simulation and data integration.
Thus, simulation to study fire propagation and human
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safety has been enhanced using BIM (Sun and Turkan,
2019).
Agent-based modelling for evacuation
Previous studies have used three general approaches for
simulating indoor evacuation behaviour: (1) coarse
networks, (2) fine networks, and (3) continuous networks
(Chooramun et al., 2011). The simplest approach to
simulate an evacuation scenario is using coarse networks,
which represent the space as a network of nodes and arcs.
Each of the mentioned methods has its benefits and
limitations. Coarse networks can facilitate the model
representation and have high computational efficiency
because occupants move from segment to segment (e.g.
room to room). However, this class of models does not
typically include any occupants’ behaviours. Fine
networks are able to represent a space as a grid of uniform
cells, where nodes and tiles usually cover the space of
enclosure (Ronchi and Nilsson, 2013). In this method,
tracking occupants’ locations is improved because each
cell can be occupied by one occupant. Using continuous
networks for the building space results in an accurate
representation as well as the movement and interaction of
individual agents (Chooramun et al., 2011). On the down
side, however, the computational time of the latter method
is more than the other two approaches. Moreover, the
increased complexity in the latter method, and the higher
level of correlations demanded with the agents’ attributes’
and behavioural patterns will be an additional drawback
for applying continuous network models in practice.
Using numerical simulation is a popular method in the
context of building fire and evacuation (Gao et al., 2012;
Tan et al., 2015). Ronchi and Nilsson (2013) presented a
list of most frequently used building evacuation models.
These models include: STEPS (Mott MacDonald, 2011),
Pathfinder
(Thunderhead
Engineering,
2011)
buildingEXODUS (Galea et al., 2004), FDS+Evac
(Korhonen and Hostikka, 2009) and EXIT89 (Fahy,
1991). Despite differences in the approaches, all these
tools are originally designed for modelling high-rise
building evacuation. While several studies have
conducted simulation for the indoor fire evacuation
(Kobes et al., 2010; Luo et al., 2014); they have not
investigated the effects of occupants’ attributes. Recently,
limited studies have focused on occupants’ behavioural
factors and their impact on the efficiency of building
evacuation (Xiong et al., 2017; Eftekharirad et al., 2018).
One of the building evacuation models that has the
capability of including occupant’s behavioural attributes
is Pathfinder. Pathfinder is a continuous network that uses
two methods: hydraulic model and agent-based model, to
simulate the occupants’ movements. In this model, the
movements of occupants along their path and their
interactions with the environment as well as other
occupants are defined. In addition, the interactions
between vertical and horizontal egress components, such
as stairs, elevators, and refuge floors are presented in
Pathfinder. (Ronchi and Nilsson, 2013).
Behaviour of agents can be classified in nine general
categories consisting of: seek, flee, arrive, pursuit,

wander, path following, cohesion, alignment, and
separation (Ogunlana and Sharma, 2014). Each agent has
a set of certain behaviours that can be classified in two
main groups: (1) physical attributes, and (2)
psychological attributes (Trivedi and Rao, 2018). These
attributes are affected by the environment, obstacles, and
behaviour of other agents.
Evacuation planning for occupants with disability
There is a growing interest in evacuation planning for
occupants who have physical or mental limitations
(Proulx, 2002; Hashimi and Karimi, 2015; Butler et al.,
2017; Gaire et al., 2018). Based on the statistics of
Canada in 2017, the number of Canadian persons with
disabilities in 10 domains of functioning, such as
mobility, seeing, hearing, and mental health is 6,246,640,
as shown in Figure 1 (Statistics Canada, 2017).
Canadian Survey on Disability (CSD), estimated around
20% of Canadians aged 15 years and over had limitations
in their daily activities, due to one or more sources of
disability (Statistics Canada, 2017). Research studies
have shown that occupants with physical or intellectual
disabilities are at a greater risk for fire-related death and
injury. The rate of death and injuries for physically
disabled occupants are 8% and 2%, respectively.
Moreover, the fire-related death rate of occupants over 65
is more than 18%, and the fire-related injury rate for the
same group of occupants is 7% (Hall, 2000). Therefore,
disabled people need extra caution during building
evacuation. For this purpose, different evacuation
strategies have been developed based on the occupants
and building characteristics including profile, condition,
role, knowledge and experience of occupant, building’s
architecture, activities and fire safety features in the
building (Proulx, 2001; Shields et al. 1998).
Memory
6%
Learning
6%

Developmental
2%

Unknown
1%
Pain-related
22%

Dexterity
7%

Flexibility
15%

Hearing
7%
Seeing
8%
Mental health-related
11%

Mobility
15%

Figure 1: Type of disability for persons with disabilities
aged 15 years and over in Canada (Generated based on
Statistics Canada, 2017).
The evacuation strategy should consider that certain
emergency features, such as wayfinding signage, areas of
refuge, safe elevators, communication system, and
sprinkler systems should be used in the buildings to
improve fire safety for all building users, especially
disabled occupants. In addition, a variety of evacuation
equipment and procedures should be determined based on
the nature of each occupant’s disability (Proulx, 2002).
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For instance, occupants on a wheelchair should be carried
down the stairs by using evacuation chairs or sleds when
safe elevators are not available during the building fire
evacuation.
Construction works in renovation projects
Any typical renovation project would undergo four main
stages: (1) dismantling existing systems and relocating
them to avoid interruption; (2) demolition of existing
structure and removal of debris; (3) construction and
transport of new materials; and (4) re-assembly and
reconnection to overall building network. As explained
above, it is highly possible that the construction crews
would block / reduce the usage of public spaces and
corridors to utilize the occupied space for any of their
activities. Additionally, the occupants are reallocated to
different spaces, which shifts the density of the building
occupancy, redefining the paths, usage and reliance on the
public areas and corridors. The crew movements, space
occupation and evolution throughout the construction can
be modelled in BIM environment as workspaces in the 4D
model.
Workspace modelling in construction is the simulation of
the spaces that labour, and equipment use to execute the
works alongside the construction of the building in the 4D
model in BIM. It identifies four major parameters for any
construction activity: (1) the size and crew location for
completing the task at hand; (2) the path taken from any
pre-defined access points to the task location; (3) the
nature of the materials and equipment being used; and (4)
the time of execution. Additionally, workspace behaviour
can be modelled statically (occupy the same space
throughout activity execution) or dynamically (occupy
different spaces throughout activity execution) (Hosny et
al., 2018). This is performed regularly to optimize
construction schedules by adjusting activities’ duration
and sequencing to ensure maintaining the targeted project
budget and schedule under the assumption that all spaces
are dedicated for construction only, which is not the case
in renovation projects. Nevertheless, by modelling
workspaces during construction of renovation projects,
the spaces occupied by labour and equipment can be
considered as extra physical obstacles that impact
occupants’ behaviour during evacuation. Moreover, since
workspace modelling is done for the entire project
duration, the most vulnerable moments with most
obstruction are detected and analysed.

be used, etc. The construction methods would focus on
workspace planning determining the crew size, choice of
materials and equipment, work sequencing, suggested
access routes to be taken (from the allowed access points
to the target location and vice versa). This step is done for
each target location separately, producing alternatives for
various construction methodologies and route paths.
Afterwards, the fourth step is route analysis, where each
suggested route is investigated to check compliance with
fire codes and regulations. Step five generates the
construction scenarios and step six evaluates them. The
alternative scenarios are created based on the number of
crews, alternative construction methods available per
location, and alternative construction routes (workspace
plan). The expected number of scenarios will be the
product of: (1) the alternative construction methods for
each crew; (2) the alternative sequencing arrangements;
and (3) the alternative number of crews assigned to the
job.

Methodology
Figure 2 shows the suggested methodology for
developing a construction plan that considers the impact
on occupants’ evacuation as the objective function. The
process is divided into seven steps. The first step is
utilizing the BIM environment to study the floor layout
considering parameters, such as main exits, main
facilities, space functions, corridor widths, occupants’
capacity and density, etc. The second and third steps are
to identify the construction scope and methods.
Identifying the construction scope would entail defining
target locations, required activities for each location,
budget/schedule requirements, allowed access points to

Figure 2: Construction planning methodology
considering occupants evacuation time as the objective
function.
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Next, the evaluation of scenarios is branched into two
parts: (a) route analysis (as in step 4) for activities
executed simultaneously at different locations; and (b) a
schedule quality check. Referring to previous research
regarding formation of metrics to evaluate the quality of
a developed schedule, a checklist was developed covering
five aspects: (1) acceptable load distribution between
crews; (2) satisfying any sequencing constraints (hard and
soft) between execution locations; (3) minimal nonproductive time wastage for crews resulting from shifting
between locations; (4) optimized schedule duration; and
(5) minimal cost possible (Moosavi and Moselhi, 2014;
Department of Defence, 2012) . The concluding scenarios
are analysed for fire evacuation in step seven. Fire
instances are created at areas of maximum vulnerability,
i.e. near the corridors and exit stairs. Then, the results are
recorded against the developed physical and behavioural
attributes of the occupants. Finally, based on the
evacuation time and any additional selection criteria
determined by the user (i.e. the construction planner or
emergency planner), the best construction scenario will be
selected. The detailed implementation and transformation
of building information from BIM (i.e. digital model) to
the fire evacuation analysis system, highlighted in Figure
2 (i.e. the simulation engine) is explained in the next
sections through a case study.

Case study
The 9th floor of the Engineering, Computer Science and
Visual Arts Complex (EV Building) of Concordia
University was chosen for this case study. The EV
building, opened in 2005, is two towers (connected via
common corridors) with 17 stories, housing research and
graduate teaching labs, administrative offices, art studios,
and a fitness and recreation centre. The daily average
number of occupants in EV building is 1000, operating
24-hours a day, 7 days a week, with limited access after
23h00 and during national holidays. The 9th floor was
selected specifically for its vulnerability owing to its
spaces’ functions. Spaces in this floor are: 6 Laboratories,
21 student offices, 1 general lab, 8 professor offices, 1
kitchenette, 5 bathrooms, 8 elevators, 2 service elevators,
4 exit-stairs, 2 regular stairs, and storage rooms. All these
spaces are connected by one corridor at the lab area,
which diffuses into two paths at the student offices as
shown in Figure 4. The expected scope of construction
work is the complete renovation for the labs (A through F
in Figure 3) and routine maintenance work in the corridors
of the student offices (the solid line at student office in
Figure 4). The access points for the construction crew
were the two service elevators (marked with arrows in
Figure 4). We made the following assumptions to perform
the simulation: (1) the scope of work in all labs are
identical, and there was only one possible construction
method for the works; (2) the lab with active construction
at a time was condemned not operational for occupants
until works are completed; (3) to consider the worst case
scenarios, renovation in the labs would require a route
between (to and from) the access point which would be
completely blocked during the entire construction project,
and the works had to be done within normal building

operation hours; (4) the renovation works were within the
labs’ walls at all times and the external / connecting walls
between the labs were not demolished; (5) a “renovation
crew” with a fixed rate was considered; (6) flame of fire
is not propagated due to fire-resistant materials based on
our assumption. However, smoke and other products of
fire such as toxic gases and heat are spreading; (7)
sprinklers do not work during the fire based on our
assumption; (8) the elevators are closed during the fire;
(9) occupants are evacuated through four main exits; and
(10) occupants close all doors of offices and labs after
leaving them, except for the one in fire.
In the next step, the route analysis was conducted for each
lab, based upon the National Building code of Canada
(NBC) and the National Fire Code of Canada (NFC),
considering the following: (1) minimal interruption to the
neighbouring labs; (2) minimal blockage to the shared
facilities (bathrooms, kitchenette) and passenger
elevators; and (3) allowing enough corridor width (more
than 44 inches wide) for safe travelling (National
Research Council Canada, 2016).
Figure 4 shows an example for the route analysis for lab
D. As shown, one path would partially interrupt the
entrance of Lab F and operation in Lab E; while the other
only partially interrupts the entrance for Lab C and hence
it was chosen.
Bearing in mind the assumptions detailed above, high
level construction schedules were developed, considering
renovation works at each lab as one activity. The
scenarios were developed so that they allow working on
the labs sequentially, or two labs simultaneously.
Referring to the developed schedule quality checklist,
considering the labs sizes as indication for work, three
hard constraints were considered. (1) lab A and B had to
have a sequential relation; (2) labs C to F had to have a
sequential relation that starts from either lab F or C, and
moves the other direction; and (3) the amount of works in
labs A and B match the amount of works in labs C through
F. Accordingly, the results were eight construction
alternatives; four for each crew assignment (sequential /
two labs simultaneously). The construction alternatives
revealed forty-six route movements. Upon the analysis, it
was determined that the four route options shown in
Figure 4 cover all the possible route blockages and are the
most critical ones (in terms of corridor blockage duration
and distance).
F
A
E
D
B

C

Figure 3: Lab D Route Analysis.
As Figure 4 shows four fire instances were created, each
near to one exit, and each of the workspaces was tested to
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(a) Scenario 1
Active Construction: Labs B & F + Office Corridor

(b) Scenario 2
Active Construction: Labs B & E + Office Corridor

(c) Scenario 3
Active Construction: Labs B & C + Office Corridor

(d) Scenario 4
Active Construction: Labs B & D + Office Corridor

Figure 4: Final route snapshots for fire evacuation analysis.

Start

Spatial and Semantic Information of Building
Creating Building Model in BIM Software
Creating Construction Workspaces

Changing Format (BIM Software to Simulator)
Defining the Building Materials
Model of Building Compatible with Simulation
Establishing Mesh
Fire Simulation
(PyroSim)

End

Building Fire &
Evacuation Simulation

Defining Fire
Defining Materials' Thermal Properties

Co-simulation

Defining Physical Factors
Adding Occupants
Defining Behavioral Factors
Evacuation Simulation
(Pathfinder)

Defining Egress Components

Defining Obstructions
Defining Construction Workspaces

Figure 5: Flowchart of developing a building fire and evacuation simulation using BIM model.
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investigate their influence on occupants’ behaviour in the
evacuation time and probability of occupants’ injuries and
death.
Building fire and evacuation simulation
The interoperability function of BIM facilitates importing
a detailed model of the building (e.g. created in Autodesk
Revit) into other software. In the case study, the 9th floor
of EV Building was modelled in Revit. Then, the
following steps were performed to simulate a building fire
and evacuation during different renovation’ scenarios in
the building as shown in Figure 5.
1. Creating the workspaces based on the different
scenarios of renovation in corridors and labs.
2. Changing the format of the BIM model into a
readable format for the simulation software. In this
step, the Revit model was exported as an AutoCAD
file (DWG or FBX format) because both PyroSim,
i.e. the fire simulation software, and Pathfinder, i.e.
the evacuation simulator, can read these formats.
3. Using a reliable method of changing the format to
support all information about materials and textures
in the model. There are several methods for
importing Revit file to PyroSim and Pathfinder, such
as Revit to DWG (or FBX) directly; or Revit to DWG
(or FBX) using a third-party plugin. Since the type of
material is one of the main factors in fire simulation,
choosing a method that produces good results with
materials, textures, and texture coordinates is
required. Among existing methods, Revit to FBX
using third-party plugin performs a perfect
conversion that can reproduce the graphical
representation of the original Revit file with all
information related to materials.
4. Simulating fire scenarios. The BIM model with FBX
format was exported in PyroSim as a fire simulator
platform. To create a fire, three main steps were
taken: (1) creating the mesh; (2) defining the
reaction; and (3) creating the fire surface.
 Creating the mesh: For the range of spread of the
fire and all Fire Dynamics Simulator (FDS)
calculations, the model of building needs to be
transferred into rectilinear volumes called meshes.
Each mesh includes rectangular cells that have a
certain size. The size of cells has an impact on the
resolution of the flow dynamics.
 Defining the reaction: To simulate a surface made of
heat-conducting solids or a fuel, its thermal properties
(e.g. density, specific heat, conductivity, absorption
coefficient, etc.) as well as pyrolysis behavior (which
is related to the heat of combustion and burning
reactions, e.g. heat of reaction, heating rate, heat of
combustion, etc.) should be defined.
 Creating the fire surface: Surfaces are used to define
the properties of objects by defining heat conduction,
specifying the ignition temperature, and giving a vent
a supply velocity in the FDS model.
5. Simulating evacuation scenarios– In this step,
occupants’ attributes, such as the number of

occupants, the initial location of occupants, and
occupants’ physical / behavioral attributes are
defined, as shown in Table 1. Mobility condition has
been added in our study, to account for the occupants
with “limited mobility”, where their movement
conditions have been taken into account while
simulating the scenarios. Also, egress components
(e.g. doors, elevators, stairs, ramps, etc.) are defined
in the model for controlling the movement of
occupants. Then, all obstructions including furniture
(desks or tables) as well as construction workspaces
are modeled.
6. Performing co-simulation (building fire and
evacuation simulation).
Table 1: Type of occupant’s attributes.

Physical
Behavioural
Others

Attributes type
- Age
- Gender
- Speed
- Size of body - Mobility condition
- Exit Familiarity - Delay time to start
Number of occupants
Initial location of occupants
Role of occupants (Assistant, firefighter, etc.)

Results and discussion
After running the simulation, as shown in Tables 2, 3 and
4, the results of the 24 scenarios (in terms of evacuation
time) were obtained. Each fire incident (shown in Figure
3) was tested alone against each workspace route (shown
in Figure 5), resulting in 16 scenarios. Then, as reference
for comparison and evaluation, the evacuation times for
each fire incident, without the influence of construction
was measured, giving four more scenarios. Lastly, the
impact of the construction workspace without the
influence of immediate danger (no fire incident on that
floor) on the evacuation times was measured. The
sceanrios were run on an average of 300 occupants, with
a five percent of limited mobility persons at the time of
evacuation.
Table 2: Max evacuation time for all occupants.
Fire scenario
None
None
F1
F2
F3
F4

480.0
470.2
449.2
460.3

Construction scenario
CS1
CS2
CS3
443.5 419.9 445.1
516.1 530.8 513.0
494.8 526.3 488.8
463.4 529.4 464.8
−∗
−∗
−∗

CS4
427.5
500.5
518.7
457.4
−∗

Table 3: Average evacuation time for all occupants.
Fire scenario
None
None
F1
F2
F3
F4

319.8
300.2
298.6
305.3

Construction scenario
CS1
CS2
CS3
297.9 291.5 301.5
332.0 333.5 330.1
323.9 325.8 319.8
317.3 339.4 314.4
−∗
−∗
−∗

CS4
293.1
325.3
326.8
315.0
−∗
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Table 4: StdDev evacuation times for all occupants.
Fire scenario
None
None

Construction scenario
CS1
CS2
CS3
CS4
81.7
74.6
82.9
76.4

F1
89.8
99.1
101.2 99.9
91.9
F2
89.2
92.2
97.3
91.6
95.9
F3
79.5
83.7
100.3 85.3
85.0
F4
89.5
−∗
−∗
−∗
−∗
*Note: Simulation was not completed because several occupants
were stuck.

The results show that initially CS2 provided the least
impact to evacuation times when there was no fire
incident in the floor. However, when combining the
effects of fire and construction, CS2 presented the largest
delay to the building evacuation by around 17%. Yet, the
alarming results was under F4, where occupants were
stuck in the building and could not escape. The simulation
indicates that these stuck occupants could have been
affected by smoke, heat and toxic gases, which blocked
the paths to the exits, keeping them in the building. The
number of stuck occupants is shown in Table 5.
It is worth mentioning that F4 presented the most extreme
scenario of workspace planning, where the fire started
near the only exit with a clear path to it, as the
construction workspaces were limiting the access to the
other exits. Hence, slower occupants probably realized
late that this exit was also block and could not evacuate
fast enough due to the overcrowding on the other exits.
Consequently, the results of F4 revealed possible
overlook that Fire Officers may fall into when approving
the construction plan. All the scenarios were acceptable
according to the code standards: all occupants had 2 exits,
and the clear corridor width was always greater then 44
inches. However, there are not more specifications to the
quality of the corridors leading to the exits. Hence, all the
construction scenarios were planned on the assumption
that occupants at any time would have a clear path for one
exit, but limited access to any other exits. The other paths
that occupants would use would be passing through the
labs & offices, which have narrower corridors due to the
existing furniture and narrower connecting doors.
Consequently, in F4, people wasted time by rushing first
to the clear exit, which was blocked due to the fire. Then,
after realizing so, they started using the other restricted
paths, which couldn’t absorb the mass flow and hence the
evacuation was delayed due to the overcrowding.
Table 5: Occupant number based on the scenario.
Scenario
F4- CS1
F4- CS2
F4- CS3
F4- CS4

Number of Occupant
42
60
113
93

Conclusion and future work
This paper proposed an ABM-based co-simulation that
uses BIM to improve building fire safety management. By
analysing the results of simulation in different
combinations of fire and construction workspace
scenarios, it was verified that the renovation works

considerably increased the evacuation time under
emergency conditions and increased the probability of
injuries and causalities. Additionally, the simulation
results revealed the risk of developing construction plans
that satisfy the minimum fire code requirements without
taking into the consideration, the dynamism of interaction
between occupants and physical spaces, particularly
under the incident of hazards.
The present work demonstrates a proof of concept to the
necessity of developing new planning methods (for
emergency and construction management), capable of
capturing the highly stochastic nature of occupant-space
interactions. On the one hand, such methods shall capture
the dynamism of physical and spatial attributes of the
building, particularly when additional constraints (such as
renovation operations) are imposed. On the other hand,
they must accommodate dynamic parameters of the
human (i.e. occupants and construction crew) behaviour
during planning the construction of renovation projects.
The solution provided in this paper can help to evaluate
the impact of interaction between evacuees’ dynamic
behaviour and physical limitations imposed by
construction projects (which also have a temporal nature),
on the performance of safe evacuation under the incidence
of fire. The workspace modelling in this study is still
preliminary and can advance in future studies. It did not
consider the budget as a parameter, and due to the
building’s layout, only one construction route was
determined per location. In addition, it was assumed that
the entire location was not operational during
construction. Accordingly, the future work will focus on
modelling more complex scenarios that would (1)
consider duration and budget in the objective function; (2)
test for more than one construction method / crew
combination / workspace route per location; (3) allow for
construction phasing / zoning at each location and not
shutting down the entire location at once; and (4) create a
feedback loop from the fire analysis results.
Regarding the fire analysis, the future work will include a
co-simulation implementation with the following
conditions: (1) a fire propagation based on materials and
firewalls; (2) a larger scale model that is occupied with
large number of occupants that has different attributes;
and (3) a sprinkler system being triggered at a specific
time. Further, the behaviour of occupants in the
mentioned co-simulations will be analysed to improve fire
safety management.
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Abstract
People adapt to thermal conditions by altering their
clothing, hence clothing insulation is a significant
parameter for the thermal comfort calculation. Fixed
clothing insulation is usually used when evaluating
thermal comfort in building simulation. Therefore, this
study proposes a dynamic clothing model to predict the
clothing insulation of building occupants. The model
considers outdoor temperature, operative temperature in
addition to the sensation history, as well as the present
local sensation. This model is combined with PhySCO, a
thermo-physiology model fully implemented in ESP-r.
This tool predicts occupant thermal comfort in a more
realistic way, which increases the accuracy of prediction
of building energy consumption, and consequently, it
helps avoiding the design of oversized HVAC systems.

Introduction
One of the primary clothing functions is to protect the
human body from cold. People dress for multiple
reasons, and clothing selection may refer according to
fashion, social criteria and workplace environment
criteria (de Carvalho et al 2013). Clothing can be
considered as a mobile environment, which allows the
human to adapt to various indoor and outdoor
environmental conditions. In addition, clothing can be
considered a clean and cheap source of controlling the
micro-climate (Tamura et al. 2007)
The amount of clothing insulation a person wears has a
big influence on the body’s heat loss. Further, clothing is
one of the six main variables that affects the calculation
of occupant thermal comfort (Fanger 1971). The
clothing insulation value is expressed in clo unit. 1.0 clo
is equivalent to 0.155 (m2⋅K)/W. The widely used
overall clothing insulation values of 0.5 clo for summer
and 1.0 clo for winter are assumptions that mostly lead
to some inaccuracy in the simulation prediction.
A number of researches have been conducted, pointing
out the significance of the variability of clothing
insulation for thermal comfort. Most clothing insulation
models developed were based on either the current daily
outdoor temperature or on the outdoor temperature of the
previous day. (De Dear 1998; ASHRAE standard 55
2013; Schiavon and Lee 2013)
Morgan and de Dear (2003) observed the clothing
behaviour with respect to thermal environments in a
shopping mall and call centre, they found that clothing

changed significantly in the shopping mall compared to
the call centre where a dress code was imposed. Based
on these observations they developed a linear regression
equation for the average clothing value based on the
daily mean outdoor temperature.
De Carli et al. (2007) used the outdoor temperature
measured at 6 o’clock in the morning to predict the
clothing insulation. They also found that in a
mechanically conditioned buildings a change of 0.1 clo
is capable of changing the comfort evaluation
significantly.
Liu et al (2018), developed a dynamic clothing model
called the IC-RM model (indoor clothing –running mean
outdoor temperature) to predict the clothing insulation
based on people’s thermal history. The developed model
is based on the running mean outdoor temperature,
which is calculated based on the history of the outdoor
temperature. They stated that the most influential
outdoor temperature on the indoor clothing insulation is
the recently experienced outdoor temperature. They
developed the “Trm” running mean outdoor temperature,
which is an exponentially weighted temperature and is
used as the outdoor temperature index. Their model is
based on sensation surveys done in two different
naturally ventilated buildings.
Parsons (2002) conducted an experiment over eight male
and eight female seated subjects to investigate the
behaviour of people to maintain thermal comfort by
adjusting their clothing. He found that by adjusting
clothing people can reach their own thermal comfort
requirement.
De Carvalho et al. (2013) observed from their study that
the clothing insulation level is affected by the recent
thermal memory and weather prediction.
Schiavon and Lee (2013) tested multiple parameters and
they found that the two main influential parameters that
affect clothing selection are the outdoor temperature at
six in the morning and the indoor operative temperature.
They developed a model to predict the clothing
insulation based on the two previously mentioned
parameters and they integrated it in the building
simulation tool Energy plus (Lee and Schiavon 2014).
From above, we conclude that using a fixed clothing in
building simulation can lead to some inaccurate results.
Furthermore, the clothing insulation selection also
affects the building energy performance. Using a
dynamic clothing model in building simulation can lead
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to a better results prediction. Moreover, a dynamic
clothing model has never been used with a multisegmented thermo-physiology model where each body
part requires a local insulation value.
In this approach we used PhySCo, a multi-segmented
thermo-physiology model coupled with the sensation
and comfort model of Zhang (2003), which we
integrated in the building simulation tool ESP-r. This
coupling represents the combination of building
simulation - physiology model - Sensation Comfort
model working together simultaneously (Boudier et al.
2016).
For the dynamic clothing model, the model developed by
Schiavon et al. (2013) to predict the initial overall
insulation value was selected. A correction value for the
total clothing insulation was introduced. It is based on
the sensation history of the previous day. The overall
insulation values were categorized into four clothing
ensembles of which each ensemble constitutes of 16
values associated with the corresponding human body
part. The local clothing insulation values play a major
role in predicting the heat transfer from the human body
and consequently, the thermal comfort perception.
Finally, in each clothing category, the local clothing
insulation values for the chest, back and shoulders were
also dynamically altered by adding or removing a layer
during the day based on the occupant’s thermal state
calculated with PhySCo.
This study indicates that using a dynamic clothing
insulation model was an effective method of maintaining
thermal comfort in the simulation compared to the fixed
clothing ensemble approach. Moreover, there is a
potential for energy savings during the design stage,
where the influence of clothing on thermal comfort may
lead to an adaptation of cooling and heating set points or
influence the sizing of the HVAC system.

Methodology
PhySCo
PhySCo is a thermo-physiology model based on the
Berkeley model and the Tanabe’s 65 node
model
(2002). The model is constituted of 16 body parts (head,
back, chest, pelvis, shoulders, arms, hands, thighs, legs
and feet) where each body part has four concentric layers
(bone, muscle, tissue and skin) in addition to a central
blood node. The physiology model is combined with the
thermal sensation and comfort model of Zhang (2003).
The model predicts local sensation and local comfort
based on local skin temperatures and core temperature.
The overall sensation and comfort reflect the overall
thermal state of an occupant. (Boudier et al.2016,
Hoffmann et al. 2016)
ESP-r
The building simulation tool ESP-r was selected in our
study for multiple reasons as for its research orientation,
the accuracy and dynamic of the model, and the
availability of the source code as an open source (Clarke
2001). PhySCo is already coupled with ESP-r and the

integration showed a strong usability working together.
(Boudier et al. 2016, Hoffmann et al. 2016)
Dynamic clothing model
Schiavon and Lee (2013) developed a model to predict
the clothing insulation dynamically. The model is based
on 6333 selected observations taken from the ASHRAE
RP-884 and RP-921 databases. They investigated
multiple variables which can affect the clothing
insulation selection and among those variables they
found that the outdoor temperature at 6 o’clock and the
indoor operative temperature were the two main
variables that influence the insulation clothing
prediction.
For that we have adopted the model of Schiavon to
predict the daily total insulation value.
𝐷𝐼𝑐𝑙 = 10(0.2134−0.0063∗𝑡𝑎𝑚𝑏 𝑎𝑡 6−0.0165∗𝑡𝑜𝑝)
(1)
𝐷𝐼𝑐𝑙 is the daily clothing insulation in clo, 𝑡𝑎𝑚𝑏 𝑎𝑡 6 is
the outdoor temperature of the day at 6 am in °C, and
𝑡𝑜𝑝 is the zone operative temperature in °C.
Considering sensation history
The daily total insulation prediction gives a good
assumption for the clothing insulation value. Although it
considers the operative temperature, the model does not
consider the occupant thermal state accurately especially
in a naturally ventilated building. Other parameters can
influence the occupant thermal state, for example the
activity level, air velocity and relative humidity. In
buildings that allow for a wide range of indoor
temperature the previous equation alone will not be
sufficient. For that a clothing correction factor based on
the occupant overall sensation history was introduced.
The PhySCo model predicts the overall sensation at
every time step based on the physiology model
prediction. The overall sensation recorded during the
previous day is used to calculate the average overall
sensation, and the average overall sensation of the
previous day represents the sensation history.
The average overall sensation OS is calculated for the
previous day based on the equation 2.
𝑂𝑆ℎ =

∑𝑛
𝑖=1 𝑂𝑆
𝑛

(2)

𝑂𝑆ℎ represents the overall sensation history, and n is the
number of simulation time steps during one day.
As the history of the thermal conditions can influence
the future clothing decision, a model for the clothing
correction factor was developed based on the sensation
history, equation (3). The correction factor will be used
only when overall sensation history is greater than 0.5 or
less than -0.5 as any value in between is considered
neutral.
Figure 1 shows how the clothing correction value
changes with respect to the sensation history, based on
our model.
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0.3
0.2
0.1
0
-0.1
-0.2
-0.3
-0.4

Cl correction

different season clothing ensembles with its total
insulation value.
1.2
Total Clothing insulation Icl[Clo]

Clothing correction

𝐶𝑙𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑜𝑛
−0.0057 × 𝑂𝑆ℎ 3 + 0.066 × 𝑂𝑆ℎ 2 − 0.26 × 𝑂𝑆ℎ + 0.1
(𝑖𝑓 𝑂𝑆ℎ > 0.5)
(𝑖𝑓 − 0.5 < 𝑂𝑆ℎ < 0.5)
0
=
−0.0057 × 𝑂𝑆ℎ 3 − 0.066 × 𝑂𝑆ℎ 2 − 0.26 × 𝑂𝑆ℎ − 0.1
(𝑖𝑓 𝑂𝑆ℎ < −0.5)
{
(3)

If occupant:
Feels cold
Feels neutral
Feels warm

1
0.8
0.6
0.4
0.2
0
winter

-4

-2
0
2
Overall Sensation history

4

Figure 1: Clothing correction values as function of
sensation history.
If the overall sensation history is a positive number and
greater than 0.5 the clothing correction factor will be a
negative number trying to correct the predicted total
clothing to a lower total insulation, whereas a negative
number less than -0.5 the clothing correction factor will
tend to increase the predicted total insulation. Moreover,
if the overall sensation history is between 0.5 and -0.5 no
correction will happen. The final daily clothing
insulation will be calculated based on the equation (4).
𝐼𝑐𝑙 = 𝐷𝐼𝑐𝑙 + 𝐶𝑙𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑜𝑛
(4)
Selecting Clothing Ensemble
The daily clothing insulation value is evaluated, and the
clothing ensemble will be selected based on the
following criteria:
Table 1: Clothing ensemble selection criteria.
Icl value (Clo)

Clothing ensemble

<0.65
0.65 – 0.75
0.75 – 0.85
> 0.85

Summer clothing
Spring clothing
Autumn clothing
Winter clothing

The physiology model requires an individual insulation
rate for each body part. Each ensemble file has 16 local
insulation values. The clothing databases were taken
from the Berkeley model and were also presented in
Tanabe et al. (2002).
The clothing ensemble database provides the individual
clothing insulation 𝐼𝑐𝑙,𝑖 . In order to calculate the total
body insulation value the serial method was used (ISO
9920) defined in equation (5) where, 𝐴𝑖 is the local body
part surface area and 𝐴𝑡𝑜𝑡𝑎𝑙 is the total body surface area.
𝐼𝑐𝑙 = ∑16
𝑖=1 (

𝐴𝑖
𝐴𝑡𝑜𝑡𝑎𝑙

× 𝐼𝑐𝑙,𝑖 )

(5)

The limits of clothing insulation in our model consider
modesty and acceptability. Figure 2 shows the four

Autumn

Spring

Summer

Figure 2: Dynamic clothing total insulation values.
Adjustment according to local sensation
Each clothing season has two additional sets of
insulation that can be selected during the day based on
the local sensation prediction.
At the beginning of each day of a simulation, one
clothing season is selected. During the day clothing
insulation can vary between “feels cold”, “feels neutral”
and “feels warm”.
The additional two clothing ensemble “feels cold” and
“feels warm” are similar to the “feels neutral” ensemble
with a reduction or increase in the insulation around the
chest, the back and the shoulders. This represents the
possible changes of clothing during the day with respect
to thermal sensation, e.g. an occupant removing or
adding a suit jacket to adapt to thermal neutrality.
The local clothing adaptation works as follows:
1. If the chest local sensation is less than -0.5 OR
the overall sensation is less than -1.5 move to
“Feels cold”.
2. If the chest local sensation is greater than 0.5
OR the overall sensation is greater than 1.5
clothing move to “Feels warm”.
3. If the chest local sensation reaches zero the
clothing insulation will be reset to “Feels
neutral” until we reach a new condition.
Table 2: local clothing control
Chest/Back local
Overall sensation
sensation
Ls<-0.5
OR
OS<-1.5
Ls>0.5
OR
OS>1.5

Clothing
Feels cold
Feels warm

Thermo-neutrality Set-point temperatures
The thermal sensation and comfort model used in our
model is the Zhang (Zhang 2013) model. The local
sensation model requires the local skin temperature and
the core temperature as input. In addition, the model is
based on the thermo-neutral set point temperature, these
temperatures represent the body parts skin temperatures
for a specific metabolic rate and clothing in a neutral
condition where the model feels neutral.
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For the new clothing files new set points are calculated
via an interpolation between the set points of two known
clothing in order to find the unknown one based on the
following equation (5).
𝑇𝑠𝑒𝑡,𝑛𝑒𝑤,𝑖 =
𝑇𝑠𝑒𝑡,𝑤𝑖𝑛,𝑖

𝑇𝑠𝑒𝑡,𝑠𝑢𝑚,𝑖 −𝑇𝑠𝑒𝑡,𝑤𝑖𝑛,𝑖
𝐼𝑐𝑙,𝑠𝑢𝑚,𝑖 −𝐼𝑐𝑙,𝑤𝑖𝑛,𝑖

(𝐼𝑐𝑙,𝑛𝑒𝑤,𝑖 − 𝐼𝑐𝑙,𝑤𝑖𝑛,𝑖 ) +
(5)

Where, 𝑇𝑠𝑒𝑡,𝑛𝑒𝑤,𝑖 is the new neutral set point
temperature, 𝑇𝑠𝑒𝑡,𝑠𝑢𝑚,𝑖 is the neutral temperature for
summer cloth, 𝑇𝑠𝑒𝑡,𝑤𝑖𝑛,𝑖 is the neutral temperature for the
winter cloth, 𝐼𝑐𝑙,𝑛𝑒𝑤,𝑖 represents the new local insulation
value and i, is the body part index from 1 to 16.
Flowchart
The flow chart below shows the different stage process
of the dynamic clothing model in the coupled Physco
and ESP-r it summarizes all the steps previously
explained.

Case study and simulation results
In the following section we test the capability of the
dynamic clothing model in prediction and its effects on
the occupant thermal comfort in building simulation.
Three tests were conducted: one with a free float
controller, the second represents a changing metabolic
rate with fixed indoor temperature, and the third
represents a simulation during winter season to show
how dynamic clothing can lead to a lower set point
heating temperature.
The results of thermal comfort and sensation are based
on Zhang’s model (2003). For that in the following
results graph, the overall comfort Co scale is (+4/-4),
where -4 refers to very uncomfortable and +4 to very
comfortable and the zero+ refers to just comfortable. The
sensation scale is also (-4/+4) where -4 refers to very
cold and +4 to very hot and 0 is neutral.
Free-float controlled room
To test the effect of variable room temperature on the
dynamic clothing prediction we used a free-floating
system.
For this case study, we used a small office model with a
window. The office has 15m2 floor area and has
dimensions of 3m width x 5m depth x 2.7m height.
Figure 4 shows the geometric representation of the office
modelled in ESP-r. The weather file for Mannheim,
Germany, was used. The construction material is shown
in table 3.
Table 3: Selected construction used in the model.
Construction
External walls
Internal walls
Ceiling
Ground
Window (double glazed)

Figure 3: Flow chart for the dynamic clothing model.

U-value (W/m2K)
0.38
1.55
0.33
0.15
2.24

Figure 4: The office model geometry.
The simulation ran over the three months of May, June,
July. The occupant activity was considered constant and
equal to 1 met.
The results in figure 5 show the predicted dynamic total
clothing value in (Clo) with respect to the outdoor
temperature of every simulation day at 6 am and the
room temperature. As temperatures increase the
predicted clothing insulation decreases. The results show

________________________________________________________________________________________________
2305
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________

Temperature (°C)

25

2.9
2.7
2.5
2.3
2.1
1.9
1.7
1.5
1.3
1.1
0.9
0.7
0.5

20
15
10
5
0
June
1May
Room temperature
Clothing

Clothing insulation (Clo)

how during the transition season from winter to summer
clothing insulation decreases gradually.
To show the effect of using the dynamic clothing model,
another simulation was performed with the same
simulation setup but with a constant clothing insulation.
For that we used the spring clothing of 0.73 Clo total
insulation value.

the day and increases to 1.4 met from 10:00 to 13:00 as
shown in table 4. The metabolic rate 1 met represents an
occupant seated quietly, reading and the 1.4 met for an
office occupant represents office work while standing
(ASHRAE 55 (2013)).
The same office as in the previous case was used, but
without the window to neglect the effect of solar
radiation from the window on the thermal manikin.
Figure 7 shows the office geometry.
The model was simulated over a typical spring day. The
simulation runs over one day of May using again the
Mannheim weather file.
The rise in the metabolic rate has an influence on the
skin temperature of all body parts. Consequently, the rise
in skin temperature will give an unpleasant warm
sensation which leads to a drop in the comfort level.
Simulation setup: Basic controller fixed indoor
temperature of 20°C.

2881July
Tout at 6

Figure 5: The influence of outdoor and room
temperature on the dynamic clothing model.
4
3
Comfort Sclae

2
1

Figure 7: office model geometry without window.
Table 4: occupancy schedule

0
-1

Time

-2
00:00 -10:00
10:00-13:00
14:00-24:00

-3
-4
May

June
Co Fixed Clo

July
Co Dynamic Clo

Figure 6: The predicted overall comfort for noncontrolled room with dynamic and fixed clothing.
Figure 6 shows the differences between the comfort
prediction between the two cases fixed and dynamic
clothing. The results show that using a fixed clothing
value may lead to inaccurate prediction of thermal
comfort. When the dynamic clothing predicts a value
close to the fixed value of around 0.7 Clo, the comfort
value becomes the same, as e.g. during the month of
July.
Metabolic rate scenario
The metabolic rate is one of the influential parameters on
the human thermal comfort. In this scenario we will
increase the metabolic rate to show its effect on thermal
comfort and to see how the dynamic clothing model will
respond. For that a schedule for the metabolic rate was
set: the metabolic rate remains equal to 1.0 met during

Number of
occupants
1
1
1

Metabolic rate
(met)
1.0
1.4
1.0

The human being normally reacts to this change by
removing some clothing layers (reducing clothing
insulation). In our simulation the dynamic clothing
model selected a lower clothing insulation for the chest,
back and shoulders according to “feels warm” for the
higher metabolic rate period as figure 8 shows.
Figure 8 shows that the spring clothing ensemble was
predicted for that day. The day started with the “feels
cold” with a total insulation of 0.83 Clo to increase local
sensation to a value greater than -0.5. When metabolic
rate was increased, the clothing changed to “feels warm”
with a total insulation of 0.63 Clo. Once metabolic rate
went back to its original value, clothing changed to
“feels neutral” with a total insulation of 0.73 Clo. The
model kept the “feels neutral” clothing for one hour and
15 minutes before the body cools down and clothing
changed back to “feels cold” for the rest of the day.
Figure 8 also presents the local sensation of the back
Sl_back. The results show that by reducing the clothing
insulation, the body part will be cooler.
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1.9

3

1.7
1.5

1
0

1.3

-1

1.1

-2

0.9

-3

0.7

-4

0.5

Sl_back Dyn

1
0
-1
-2
-3
-4
Co Dyn

Clothing Dyn

Figure 8: Clothing insulation prediction with respect to
local and overall Sensation when an increase in
metabolic rate occurs.
Figure 9 and 10 show the overall sensation So and
comfort Co for this simulation case for both fixed and
dynamic clothing. Figure 11 shows an example of the
chest local skin temperature.
The chest skin temperature rose when metabolic rate
increased. Once clothing was adjusted, the chest skin
temperature decreased due to a higher heat loss to the
environment.

Co fix

Figure 10: Overall comfort prediction of dynamic
clothing vs. fixed clothing.

Temperature (°C)

So Dyn

2
Comfort scale

2

Clothing insulation (Clo)

Sensation scale

3

4

34.9
34.8
34.7
34.6
34.5
34.4
34.3
34.2
34.1
34

2

Ts_chest dyn. clo

Ts_chest fix clo

1

Figure 11: Chest skin temperature prediction of dynamic
clothing vs. fixed clothing.

0
-1
-2

60

-3

58

-4

56
So Dyn

So fix

Figure 9: Overall sensation prediction of dynamic
clothing vs. fixed clothing.
After the metabolic rate was set back to 1.0 met, the
chest skin temperature decreased again. Since clothing
was on the lower level, the temperature continued
dropping until another change in clothing took place.
Insulation was then increased and a reduction in heat
loss happened, which resulted in an increase of skin
temperature. After that skin temperature continued
steadily for the rest of the day.
Figure 12 shows the total sensible heat loss prediction
from the human body. The body lost more heat to the
environment when the clothing insulation were lower.

Heat loss (W)

Sensation scale

3

54
52
50
48
46
44
42

Q sensible dynamic Clo

Q sensible fixed Clo

Figure 12: Total sensible heat losses prediction from the
human body of dynamic clothing vs. fixed clothing.

Winter case
In the following simulation a cold day was selected with
a controlled room air temperature to 20°C. The aim of
this case is to show how it is possible to predict the
thermal state of an occupant wrongly by using a fixed
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1.2
1.1
1
0.9
0.8
0.7
0.6
0.5

Comfort scale

comfort level. From what we provided we can suggest
that a 1 or 2 degree reduction in the set point
temperature, can keep the body comfortable adapting for
higher clothing insulation which may results in saving
energy.
4
3
2
1
0
-1
-2
-3
-4

Co Dyn

Dynamic Clo

4
3
2
1
0
-1
-2
-3
-4
So Dyn

Fixed Clo

Figure 13: Clothing insulation prediction vs. fixed
clothing value.
Figure 14 shows the overall comfort prediction and
figure 15 shows the overall sensation prediction of the
occupant in both cases of dynamic clothing and fixed
clothing. From the results we can notice that although
the occupant was comfortable in the first day, the
sensation was slightly warm, and clothing moved to a
lower level on the second day in order to reduce the
sensation to a neutral level between 1 and -1 in the scale.
On the second day comfort was slightly lower compared
to the fixed clothing due to the differences in the local
sensation and comfort values affected by the different
clothing layer distribution over the body.
Comparing the two days results one can conclude that it
is possible to allow for a lower set point temperature and
keeping clothing at the higher rate is sufficient to keep
the occupant comfortable. In our case we have a room
temperature set to 20°C, in the first day of the simulation
with a high insulated clothing the overall sensation was
slightly higher than 1 means the occupant feels slightly
warm. Additionally, the second day showed that using a
lower clothing insulation can keep the body in the

Co Fix

Figure 14: Overall comfort prediction of dynamic
clothing vs. fixed clothing.

Sensation scale

Clothing insulation (Clo)

clothing insulation value. In addition, it shows the
possibility of reducing energy.
In this case we used the same office model similar to the
previous case, the weather file of Mannheim was
selected again and the simulation was conducted over
two days in December.
Figure 13 shows the clothing insulation prediction from
the dynamic model compared to the selected fixed value.
The outdoor temperature at six am for the two selected
days were -0.5 and -2.4 °C consecutively. The selected
fixed clothing value of 0.85 Clo corresponding to
Autumn clothing for comparison with the dynamic
clothing.
Results from figure 13 shows that during the simulation,
the dynamic clothing selected the winter clothing for the
first day with a value of 1 Clo, that was due to the low
outdoor temperature. In the first couple of hours was
swinging fast due to the threshold defined for altering
clothing as overall sensation has influence on that. In the
second day of the simulation the spring clothing “feels
cold” was predicted with a value 0.83 Clo and that was
due to the overall sensation history.

So Fix

Figure 15: Overall sensation prediction of dynamic
clothing vs. fixed clothing.

Conclusion
Building occupants have a significant impact on the
energy consumption in buildings, both in terms of
behaviour but also physiologically. Using fixed clothing
insulation in the building simulation could lead to an
obvious error in prediction. For that a dynamic clothing
model should be used in order to attain better and more
realistic thermal comfort prediction. The more accurate
thermal comfort can be predicted, the more energy
savings can be achieved, and HVAC systems can be
sized more appropriately.
The simulation results show that using the dynamic
clothing model will give more realistic results compared
to the fixed clothing approach.
We can conclude from the first case of simulation, that it
is very important to have a dynamic model that changes
the clothing insulation values with respect to the changes
in outdoor weather. Moreover, when allowing a wide
range of indoor operative temperatures as in naturally
ventilated buildings, the dynamic clothing model
becomes a necessity. The results show that changing the
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clothing insulation value may lead to a higher predicted
thermal comfort.
In cases of HVAC design based on comfort prediction a
more energy efficient system might be chosen based on
the more accurate results.
Clothing plays a major role on comfort and people tend
to change the clothing level as a first adaptation to
thermal condition changes. This could be proved in the
second simulation case where an increase in the
metabolic rate for a small period of time is capable to
have an impact on the occupant thermal state.
Consequently, the case showed how a change in clothing
can bring the occupant thermal state to neutrality.
Reducing clothing insulation increased the heat losses
from the body and local sensation could be kept at a
neutral level.
The third scenario demonstrated that a controlled room
with a fixed set point temperature may drive the
occupant to select lower clothing insulation even in
winter season to achieve thermal comfort. From above,
we can conclude that we can ensure energy savings by
allowing a lower set point where occupants can keep
their thermal state comfort by adding a clothing layer.
The model is a good approach for predicting thermal
comfort in transient conditions. Further studies are
planned for varying environmental condition scenarios,
for example, when an occupant moves from outdoor to
indoor and vice versa.
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Abstract
In many energy calculation methods a ‘typical use’ of the
building is assumed, which leads to a systematic gap
between the calculated energy use and the actual energy
use. Therefore, more detailed occupant behaviour models
have been developed. However, current models are often
specifically focussed on one type of behaviour, are
designed for offices or are deterministic. In this paper, the
further development of the StROBe-model (Baetens et al.,
2016) is explained whilst making an analysis of the
influence of different types of occupant behaviour on the
energy use with Modelica. The simulated heat demand is
a good approximation of the real heat demand and
captures the variation between households very well.
However, due to a severe overestimation of the domestic
hot water use, the heat demand for space heating is
underestimated. In the next steps, specific attention will
need to be given to the modelling of electricity use and
domestic hot water use. Next to that, more research needs
to be done on the interrelation between the different
behaviours. This further development is crucial to more
accurately predict the energy use in residential buildings
and so overcome the performance gap attributed to
occupant behaviour.

Introduction
Recent studies (D’oca, Fabi, Corgnati, & Andersen, 2014;
D’Oca & Hong, 2014; Yan et al., 2017; Yoshino, Hong,
& Nord, 2017) highlighted the significant impact of
occupant behaviour on the indoor climate and energy use
in residential buildings. Nevertheless, in the EPBDcalculations, the energy use of a building is assessed
according to a ‘typical use’ of the building. The
application of this ‘typical dwelling use’ leads to a
systematic gap between the calculated, theoretical energy
use and the actual, measured energy use (Delghust, 2016;
Delghust, Laverge, Janssens, Van Erck, & Taelman,
2012; Deurinck, 2015; D. Majcen, Itard, & Visscher,
2013; Daša Majcen, Itard, & Visscher, 2013; SunikkaBlank & Galvin, 2012). It is important to correctly predict
the energy use in buildings, even before the building is
inhabited, to make the most optimal design decisions. To
predict the residential energy use more accurately for the
different occupants, occupant behaviour models have
been developed. Most of the models are generated for
specific types of occupant behaviour such as heating setpoints, window use, solar shading use, etc. For some of
these behaviours, validated models are only available for

offices, not for dwellings. Few models exist that combine
different types of occupant behaviours (Blight & Coley,
2013; Deurinck, 2015; Nicol, 2001). Furthermore, most
of these models are deterministic. This is contradictory to
the stochastic nature of human behaviour. The inclusion
of the stochasticity is necessary, to assess the impact the
occupant can have on the energy use and to define which
behavioural change will lead to less energy use.
Furthermore, this will allow to define where investments
(e.g. renovation) could be most beneficial.
Therefore, a stochastic occupant behaviour model has
been created. This model, based on the StROBe-model
(Baetens & Saelens, 2016), includes the stochasticity of
human behaviour by including transition matrices that
allow for Markov chain processes. The impact of the
different types of occupant behaviours on the residential
energy use is assessed based on simulations carried out
with this model and a comparison has been made with a
basic model and measured data.

Methodology
In order to compare the influence of each type of occupant
behaviour on the residential energy use, simulations were
carried out with three different models.
1) Base-model.
2) StROBe-model
3) New stochastic occupant behaviour model
(NewStROBe)
Base-model
The base-model represents a simple model. This model
does not include the stochastic influence of the occupant
by assuming default settings for different variables
(temperatures, ventilation rate, window use) or sometimes
the neglect of certain occupant influences (electricity use
of appliances and lighting, internal heat gains, domestic
hot water use) (Table 1). The default settings are mostly
based on the settings that are assumed in the Belgian
Table 1: Settings in Base-model
Base-model

Settings

Heating

18°C

Ventilation control

Nominal ventilation rate

Window use

All windows closed

Electricity use
appliances & lighting

0W

Internal Heat gains

0W

Domestic Hot Water use

0 litre @ 60°C
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Figure 1: General overview of the implemented algorithms in StROBe. (Baetens & Saelens, 2016)
EPBD-legislation (Vlaamse overheid, 2019). This
indicates an average set-point temperature of 18°C in all
zones. Furthermore, in the heat demand calculations the
windows are assumed to be always closed. The ventilation
rate is determined based on the requirements for indoor
air quality, which is not completely in agreement with the
EPBD-calculation but allows for a good comparison.
StROBe-model
The StROBe-model (Stochastic Residential Occupant
Behaviour Model) developed by Baetens et al. (2016) was
chosen as the starting point for the development of an
occupant behaviour model. The StROBe-model, which
was developed in Python, generates output-files per
minute for the electricity use by appliances and lighting,
domestic hot water flow, internal heat gains and
temperature set-points based on the stochastic activity and
occupancy chains of the occupants. The model was
originally created for district-simulations and therefore as
well validated based on district data. For each household
occupancy profiles are generated and activity probability
functions are determined, which in turn are used to
determine the different types of occupant behaviours
(Figure 1). These python-outputs can be used as input in
energy simulations in Modelica, by using the StROBecomponent of the IDEAS-library (Jorissen et al., 2018).
However, other simulation programs can be used as well
since the outputs are text-files.
This model was chosen because the model links certain
behavioural actions to specific activities or moments in an
occupant’s day. In this way, the occupant behaviour is
more realistically modelled. Furthermore, the model is
freely available on GitHub.
New stochastic occupant behaviour model
(NewStROBe)
The StROBe-model was a good starting point, however,
some types of behaviours were missing such as window
use and ventilation system control. The model made some
simplifications as well and contained some modelling

inaccuracies that led to significant deviations in the total
energy use. The StROBe-model was therefore expanded
and corrected where necessary to create a more elaborate
and accurate stochastic occupant behaviour model. The
improvements and corrections are explained further in
this article.
Energy simulations
The energy-simulations were performed with Modelica.
Since the models are stochastic, 30 simulations were
carried out each time to get a representative result sample.
The simulations were performed on a minute basis for an
entire year based on climate data from Uccle, Belgium.
All simulations were carried out on a nearly zero-energy
house that is situated in a social housing neighbourhood
in Belgium, and that is extensively monitored by Ghent
University (Janssens, Rebollar, Himpe, & Delghust,
2017). The model is created based on components of the
Modelica 3.2.2 and the IDEAS 1.0.0 library (Jorissen et
al., 2018). The Modelica-model of the house is shown in
Figure 2. It represents a 2-storey terraced house with 3
bedrooms, that is fitted with a balanced mechanical
ventilation system with heat recovery, all windows are
operable and on some windows external solar screens are
provided. Furthermore, it is heated by radiators that are
connected to a district heating network. For this study it
was assumed that the house was fully inhabited,
indicating a family with two children (4 persons).

Figure 2: Case-study: building structure in Modelica

________________________________________________________________________________________________
2311
Proceedings of the 16th IBPSA Conference
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________
Methodology
First, the simulations were carried out for each type of
behaviour separately (electricity use of appliances &
lighting, internal heat gains, heating behaviour,
ventilation system control, domestic hot water use and
window use). For this only the behaviour under review
was changed while the other types of behaviour remained
fixed as in the base-model. After that a full comparison
was made between the models. The predicted energy use
by the different models was further compared to measured
energy data from all houses from the same type in the
monitored neighbourhood.

Results and Discussion
Electricity use of appliances and lighting
In the Belgian EPBD-calculations only the auxiliary
electricity use of pumps and fans is included, all other
types of electricity use are neglected. However, it is
important to correctly estimate when specific appliances
or lighting are used, since this will lead to important
internal heat gains. Furthermore, it is useful to get an
estimate of the electricity use, specifically in coincidence
with renewable energy sources (e.g. PV-panels, heatpumps)(Protopapadaki, 2018).
The StROBe-model is able to determine the electricity
load for appliances and lighting. However, it does not
consider the electricity use by fans and pumps. The use of
appliances is determined based on the probability that
when an occupant is active and awake he will perform a
certain activity for which a certain appliance is needed.
First, it is determined which appliances are present in the
household based on ownership statistics. Properties are
defined for each appliance such as load, standby-load,
cycle length and the activity during which it is used. If the
appliance is present, it is checked for every occupant if he
uses the appliance. The occupant needs to be active and
awake to use any appliance. Next, it is checked based on
probability-functions, which were defined by Aerts
(2015) based on time-use data, if the corresponding
activity is performed and if the appliance is used during
the performance of this activity. In this way appliance use
profiles can be generated for every occupant, which are
summed to derive a total appliance use profile.
The lighting use is based on the presence in the house and
irradiance-levels. When at least one occupant is at home
and active and the solar irradiation is below 200W/m², the
lighting load is assigned (200W). Since people will not
turn on their lights all at once when a change in irradiation
level occurs, a stochastic model is incorporated that
allows for adjustment per 40W. This gives a total
electricity use profile for the entire building.
Some problems were present in the appliance use model,
leading to unrealistic loads.
- Standby-load was only assigned one time step
before the appliance was turned on, due to an
error in the code. During the remaining time, no
load was assigned.
- Sharing of appliances was not included. Every
time an appliance was used at the same time by

more than one person, the load was assigned
multiple times. This is not a problem for
appliances that are not shared (e.g. computer),
however, this leads to an overestimation of the
load of cycling appliances (e.g. fridge) or shared
appliances (e.g. television).
- The cycle of the cooling appliances (e.g. fridge,
freezer) contained an error in the assignment of
the cycling length resulting in a working-time of
only 1 minute per cycle.
- The electricity use for lighting in StROBe was
calculated on building-level (1-zone model), so
when someone was present in the house, the
lights in all zones were assumed to be on.
In the NewStROBe-model these modelling problems
were resolved and the lighting model was refined. In order
to do that, the model needed to be converted to a multizone model . It was decided to split the building in three
distinct zones: dayzone, nightzone and bathroom. The
nightzone was further split into the separate bedrooms.
The lights in those zones will only be on when somebody
is present in the respective zone and the irradiance levels
are below the threshold. In order to apply these detailed
lighting patterns, the occupancy in each zone needed to be
determined. From the in StROBe created occupancy
chains, the state of the occupant could be determined. The
occupant is either active, asleep or away. This allows us
to easily derive the occupancy in the different zones.
When the occupants are asleep, they are assumed to be in
their respective bedrooms, as well as 20 minutes before
going to bed and 20 minutes after waking up to allow for
(un)dressing and other extra time spend in the bedroom.
When they perform the activity ‘Bath and shower’, they
are in the bathroom. At the other moments that the
occupants are active and at home, they are in the dayzone.
With
these
specified
occupancy-profiles,
the
NewStROBe-model is able to create lighting use profiles
for each zone individually.
Due to the corrections to the appliance and lighting use
model, the average electricity use increased with
approximately 20% (5157 kWh/year) in comparison to
the original StROBe-model (4355 kWh/year) (Figure 3),
even though the inclusion of the possibility to share
appliances decreased it with 20%. The predicted
electricity use is significantly higher than the measured
electricity use (mean: 2547 kWh/year). However, the
properties of the appliances in the StROBe-model are

Figure 3: Yearly Electricity Use
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based on data from 2005. If these properties are updated
to average properties from 2016 in the UK (BEIS, 2017) ,
the electricity use decreases to an average of 4305
kWh/year, which is approximately the same as in the
original StROBe-model. Nevertheless, the measured data
are still significantly lower than the predicted data.
There may be multiple causes for these discrepancies:
- The performance of the installed appliances is
better than the performance of the average
appliance in 2016.
- There are less appliances present in the house
than predicted by the model. Since the measured
data originates from a social housing
neighbourhood it is possible that the ownership
of appliances is overestimated.
- The appliances are used less than predicted by
the model. Again, due to the financial situation
of the occupants they may be more considerate
of their energy cost and therefore limit the use of
certain appliances.
Internal heat gains
It is important to make an estimate of the appliance and
lighting use, since the related internal heat gains can have
a large impact on the heat demand for space heating. In
the Belgian EPBD-calculations only a default value is
assigned for all internal heat gains (appliances, lighting,
persons, losses from domestic hot water system,…) based
on the volume of the building. This comes down to
internal heat gains of 1057 kWh/year for the assessed
building. Since the heat demand is predominant in the
Belgian climate and a lot of dwellings are not equipped
with a cooling system, only the impact on the heat demand
will be evaluated in this study.
In the StROBe-model solely the internal heat gains due to
appliances and lighting are incorporated. This is done by
assigning for each appliance (incl. lights) a fraction of the
electricity use that is converted in radiative and
convective heat. In this way the total internal heat gains
are calculated for the entire building. In Modelica, the
internal heat gains are distributed over the different zones
based on the volume-fraction of the zones.
In the NewStROBe-model, the internal gains are
determined per zone, in this way the gains can be assigned
to the respective zone, leading to a more accurate
distribution of the heat gains. For this, each appliance is
assigned to a specific zone (e.g. microwave in dayzone,
washing-machine in bathroom). It is important to convert
to a multi-zone model since the internal heat gains will
not be evenly distributed over the different zones. For
example most appliance are present in the dayzone
(kitchen) consequently most internal heat gains are
present there and not in the bedrooms.
Internal heat gains by persons were not included in the
StROBe-model, so they were added to the model. Based
on the metabolism of the occupant it is determined how
much heat they produce. Separate metabolisms are
defined for sleeping, sitting, bathroom-activities, etc.
(Heijmans, Van Den Bossche, & Janssens, 2007).

The EPBD-calculation predicts internal heat gains for the
entire building of 1057 kWh/year. However, the
simulated internal heat gains are significantly higher with
an average value of 6506 kWh/year, from which
approximately 2000 kWh/year can be attributed to the
metabolic heat gains. Since most appliances are present in
the day zone (cooking and multimedia) the majority of the
internal heat gains are assigned there (on average 5157
kWh/year).
The heat demand simulation results are given in Figure 4.
In the EPBD-calculation and the StROBe-model the
internal heat gains calculated on building-level are
dispersed over the different zones based on the volume
fraction of the zone, while the new version of strobe
calculates the internal heat gains on zone-level. The heat
demand decreased from 3014 kWh/year to 2435
kWh/year when the default internal heat gains of the
EPBD-calculation are included. However, the StROBemodel predicts a heat demand that is averagely 2 times
lower (mean: 1261 kWh/year). Even though the
electricity use was higher for the adapted model (zonelevel), the heat demand did not decrease. The adaptations
made to the electricity model resulted in an average
increase in heat demand of 20% (1558 kWh/year). In the
adapted model most internal heat gains are assigned to the
dayzone, therefore the other zones need more heating than
when the heat gains are proportionally distributed over the
zones. When the metabolic heat gains were added, the
heat demand decreased significantly with 40% (to 946
kWh/year). Overall, the heat demand of the EPBD-model
is 2,5 times higher than that of the NewStROBe-model.
This demonstrates clearly the importance of the
incorporation of internal heat gains by persons and
appliances in energy simulations.
A comparison with measured data could not be made
since data on internal heat gains were not available from
the case study.

Figure 4: Yearly heat demand: Internal heat gains
Heating behaviour
An equivalent set-point temperature of 18°C is assumed
in the Belgian EPBD-legislation. In the StROBe-model
heating profiles are defined based on the study of
Leidelmeijer and Van Grieken (Leidelmeijer & Grieken,
2005). Based on surveys conducted in the Netherlands in
2005, they defined 7 heating-profiles with temperatures
for when the occupants are active in the house, asleep or
away. For each heating-profile some options are available
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for heated rooms. Unheated rooms have a fixed set-point
of 12°C.
Active Asleep Away
1) 17.0,
14.0,
15.0
none, day, day & night, all
2) 18.5,
15.0,
18.5
day & bath
3) 20.0,
15.0,
19.5
day, day&bath, day&night
4) 20.0,
11.0,
19.5
day, day & night
5) 20.0,
14.5,
15.0
day
6) 21.0,
20.5,
21.0
all
7) 21.5,
15.5,
21.5
day & bath
In the StROBe-model the first heating-profile is left out
of the model since this corresponds to occupants that do
not heat their house or have very low heating set-points.
The profiles and related heated rooms are assigned based
on the occurrence statistics of the study of Leidelmeijer
and Van Grieken. The only adaptation that was made in
the NewStROBe-model was the incorporation of the first
heating-profile. In reality some occupants apply these low
set-points, so these should not be neglected.
The resulting temperatures for each zone are given in
Figure 5. The dotted line represents the 18°C set-point. A
large variation is clearly visible in the set-points of the
bathroom. This accumulates to an average daily set-point
temperature of 16,7°C. In the dayzone, the average setpoint temperature is 18,6°C, which is relatively similar to
the 18°C set-point. However, a large variation is present
with a minimum of 12°C (unheated) and a maximum of
20,9°C. The bedrooms are mostly assumed to be
unheated, therefore the average set-point temperature was
only 13,5°C.
The heat demand results (Figure 6) demonstrate the large
impact that heating profiles have on the energy use. The
highest yearly heat demand (4907 kWh/year) is more than

Figure 5: Yearly average set-point temperatures

Figure 6: Yearly heat demand: heating profiles

6 times higher than the lowest heat demand (799
kWh/year). On average, the heat demand is only 10%
higher with the StROBe-model compared to the 18°Csetpoint.
The study showed that the temperature settings have a
large influence on the heat demand and that it is important
to accurately estimate the heating set-points to come to
realistic heat demand results.
Ventilation system control
In the Belgian EPBD-calculation there are requirements
for the ventilation rate on zone-level to allow for an
adequate indoor air quality (IAQ). Next to that, there is a
ventilation rate defined on building-level based on the
volume of the dwelling, which is used in the heating
demand calculations. Since the nominal ventilation rate
for IAQ is the maximum ventilation rate supplied by the
system (system is selected based on this requirement), this
ventilation rate was applied as a default in the Basemodel. However, the system will not permanently work at
the highest ventilation rate. For the case study, three
ventilation status options are available. Home-function,
away-function and boost-function. The boost function is
the maximum ventilation rate and thus the nominal rate.
The home-function is 75% of this maximum rate, while
the away-function is 40% of this rate. These values are
default values; however, this proportion can be changed
in the system and may not necessarily be the exact values
in all houses. The ‘boost’-function is automatically
activated when the cooker hood is turned on.
Based on survey data from the case-study neighbourhood,
it was demonstrated that many occupants never change
the state of the system between ‘home’ and ‘away’. Three
distinct profiles were revealed:
1) Always home-function
2) Always away-function
3) Time-schedule
In the NewStROBe-model, a ventilation profile is
selected for the given household based on the probability
that these profiles occurred in the study. The boostfunction is linked to the use of the cooking hob.
The heat demand dropped significantly when the
ventilation-model is applied. On average, the heat demand
is 38% lower (1857 kWh/year) when the ventilation
model is applied compared to the base-model (3014
kWh/year). As expected, the heat demand decreases since
less fresh cold air is supplied to the dwelling. However,
the variation between the types of ventilation profiles is
small; the lowest heat demand is only 350 kWh/year
lower than the highest.
Domestic hot water use
In the Belgian EPBD-calculations, a default heat demand
is assigned for domestic hot water use based on the
volume of the house. For the considered house the default
additional heat demand is 1380 kWh/year which is the
equivalent of 16,25 litre at 60°C per person per day. In the
base-model, the domestic hot water use is set at zero for
easier comparison.
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In the StROBe-model, the domestic hot water use is
determined in the same way as the appliance loads. For
every tap point, properties are available such as the flow
rate per min (liter@60°C) and the cycle length. Instead of
calculating it for every occupant, the flow rate is
determined based on the most active state of all occupants,
indicating that when at least one occupant is awake and
active a hot water tapping can happen.
On average, the StROBe-model predicts a hot water use
of 95.000 litre per year at 60°C, that comes down to 63
l/pp/day, which is significantly higher than the flow rate
predicted by the Belgian EPBD-legislation and the flow
rates found in literature (De Schutter, Verhaert, & De
Pauw, 2018). This results in an increase of the heat
demand compared to the base-model of approximately
5500kWh/year, with variations between 4000 and
6500kWh/year (Figure 7). This indicates that the heat
demand will be multiplied by a factor 2 to 3 to incorporate
the heat demand for hot water. Possible causes for these
problems are situated in the flow rates of the tap points
and the use of the tap points. The model for domestic hot
water predictions therefore needs to be revised.

q [m³/s] =

𝐴
1000

√2500 + 250 ∗ 𝑣 2 + 900 ∗ ℎ ∗ (𝑇𝑖 − 𝑇𝑒)

(1)

The base model predicts the heat demand when the
windows are always closed. The window use model
predicts that, on average, in the living room the windows
are open for 24% of the time, with a minimum openingpercentage of 8% and a maximum of 43%. In the
bedrooms the average opening-percentage is much higher
with 42%, and even a maximum of 98%.
When the window use model was included the average
heat demand doubled, almost tripled (8080 kWh/year) in
comparison with the base-model (3014 kWh/year)
(Figure 8). This is as expected since the opening
percentages are higher so more heat will be lost due to
airflow through the windows. A large variation in heat
demand is present. The values range from a minimum of
4434 kWh/year to a maximum of 19011 kWh/year.
Consequently, a change in window use profile can
attribute to a difference in heat demand of up to 15000
kWh/year.

Figure 8: Yearly Heat Demand: Window use
Figure 7: Yearly Heat Demand for Domestic Hot Water
Window use
In the Belgian EPBD-calculation of the space heating
energy use, it is assumed that when a ventilation system
is installed, the required ventilation rate in winter time is
solely supplied by the system. However, occupants who
live in dwellings with a mechanical ventilation system
will still open their windows, even to the same extent as
occupants of naturally ventilated buildings (Dubrul,
1988). In the StROBe-model, window opening behaviour
was not included for the same reasons.
In the NewStROBe-model, a recently developed window
opening model is applied (Verbruggen, Delghust,
Laverge, & Janssens, 2019). This model, based on survey
data of the case-study neighbourhood, incorporates
window-opening habits and connects the use of windows
to occupancy and activity patterns. The window use was
included in Modelica as an extra ventilation system that
supplies a certain ventilation rate to the zone when the
window is open. The ventilation rate is determined based
on the formula by Phaff et al. (Dubrul, 1988; Phaff & De
Gids, 1980) based on the opening area (A), the wind
velocity (v), the height of the window (h) and the
temperature difference (Equation 1). The windows are
assumed to be tilted when opened, as this was found to be
the predominant position of the windows in a study by
Verbruggen et al. (2018).

Comparison of the influence of different behaviours
The simulated data for the different behaviours are
summarised in Figure 9. The inclusion of internal heat
gains will lead to a decrease in heat demand, just as the
inclusion of ventilation control profiles. The resulted
decrease in heat demand for the ventilation control is
significant; however, little variation is present between
the different simulations. This indicates that the variation
in this behaviour between occupants is small or has a
small impact. For the internal heat gains the same
phenomenon can be observed. However, there may be a
larger variation in reality since in the (New)StROBe there
is little variation in the number of appliances that are
present in the household and the properties of the
appliances. The heating behaviour has a substantial
impact on the heat demand. The average heat demand
stayed the same compared to the base model when the
different heating profiles were included. However, a
factor six difference is present between the minimum and
maximum heat demand. The window use and domestic
hot water use lead to a significant increase in heat
demand. As explained previously, the domestic hot water
use was overestimated leading to an overestimation of the
heat demand. Window use is often not included in
occupant behaviour models; however, the influence of
opening windows should not be underestimated with on
average twice as high heat demands when the window use
is considered.
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Figure 9: Comparison of yearly heat demand for the different models and behaviours
Combination of behaviours
Finally, the base-model is compared to the full
NewStROBe-model and to measured data. The total
predicted heat demand (7407 kWh/year) is on average
more than two times higher than the heat demand of the
base-model (3013 kWh/year) and a bit higher than the
measured data (5858 kWh/year). The NewStROBe-model
captures the variability between different households
better and predicts more closely the actual heat demand
compared to the base-model.
Since, the heat demand for domestic hot water was
severely overestimated in comparison with measured
data; an analysis of the heat demand without domestic hot
water is made as well. This could only be done for 16
houses of the measured neighbourhood, since there was
no domestic hot water data available for the other houses.
The simulated heat demand is significantly lower
compared to the base-model. The combination of the
different behaviours is at the base of this. Firstly, the
internal heat gains are mostly present in the day zone, this
means that less heat is needed to get the room to the setpoint temperature. With the day zone often the only
heated room, this leads to a significant decrease in heat
demand. Furthermore, the increasing effect of the window
use is less prominent as most window openings happen in
the bedrooms, which are heated to 18°C according to the
base-model but rarely heated according to the
NewStROBe-model.
The average simulated heat demand is quite similar to the
average measured heat demand. However, as previously
seen, the domestic hot water demand is a lot smaller in the
observed houses. Consequently, a higher space-heating
demand is present in the observed households than
predicted. This can be caused by a multitude of factors.
First, the internal heat gains may be overestimated since
the use of appliances and lighting was slightly
overestimated. Secondly, the heating set-points or heated
rooms may not be correctly modelled. The highest setpoint temperature in the model is only 21,5°C, while
occupants may prefer higher heating set-points (Delghust,

2016). A last point concerns the interrelations between the
different occupant behaviours. In the model, each
behaviour model acts independently of the other (some
are a bit related due to occupancy and activity patterns).
For example, no relation is present between the opening
of windows and the heating behaviour, while some
occupants may turn off the heating when opening a
window. Furthermore, occupants that tend to apply lower
heating set-points may be more aware of their energy use
and use less appliances, turn off the lights more or keep
windows closed in winter. These interrelated behaviours
may explain the even larger variation in heat demand that
is present between occupants in comparison with the
simulations. The inclusion of these interrelations could
lead to a more optimal residential energy use prediction.
The NewStROBe-model does not fully capture the
measured data. Nevertheless, the heat demands are still a
close approximation of the measured data, this is due to
some over- and some underestimations in the different
types of occupant behaviour. The discussed problems
were not detected with the development of the StROBemodel since it was validated based on aggregated data on
district-level and not on building-level.

Conclusion
The simulated heat demand is a good approximation of
the real heat demand, and captures the variation between
occupants very well. However, the heat demand for space
heating is severely underestimated. These low heat
demands for space heating can be attributed to the
combination of the different types of behaviours. In the
next steps in the development of the NewStROBe-model,
specific attention will need to be given to the modelling
of electricity use and domestic hot water use. Next to that,
more research needs to be done on the interrelation
between the different behaviours. This further
development is crucial to more accurately predict the
energy use in residential buildings and to overcome the
performance gap.
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Abstract
During the NZEB design phase, accurate dynamic energy
simulations are generally carried out, in many cases,
neglecting the effect of the occupant behaviour on the
energy consumptions. The aim of this work is to
investigate the influence of the occupant behaviour (i.e.
window openings) on the seasonal energy building
performance in order to demonstrate that the occupant can
play a significant role, especially for NZEB. Numerical
results evidence how the sensitivity of the heating energy
demand and comfort conditions on the different design
parameters can change dramatically if the occupant
behaviour is taken into account within the dynamic
energy model of the building.

Introduction
Nowadays, NZEB designers are motivated to individuate
the best combination of envelope features and HVAC
characteristics in order to minimize energy consumptions
and maximize indoor comfort conditions. In the past
decades, several researchers worked on the development
of computational models for the building energy
performance assessment, leading to very accurate thermal
models of buildings. However, in these energy models the
occupant behaviour is usually neglected or it is taken into
account by means of simple deterministic rules
(Degelman 1999). Anyway, both building energy
performance and indoor comfort conditions are affected
by occupants, able to interact with building and HVAC
components (Mahdavi 2011).
Many works demonstrated how, if the occupant behaviour
is ignored, a significant discrepancy between measured
and predicted energy consumptions can be evidenced. As
an example, Turner and Frankel (2008) compared real and
predicted (by means of dynamic simulations performed in
the design phase) energy consumptions of 62 Leadership
in Energy Environmental Design (LEED) buildings by
evidencing values of the normalized root-mean-squared
difference up to 18%.
Moreover, occupant behaviour is intrinsically affected by
uncertainty. In fact, occupant behaviour patterns not only
vary between each other, but each occupant does not
behave in a deterministic way. In addition, Haldi and
Robinson (2010) showed that in common spaces
occupants tend to limit their actions compared to
occupants in private spaces.

The great discrepancy about the energy performance of
buildings in presence of occupant interactions with
building (e.g. window operations, blind operations…) and
HVAC system (e.g. set-point definition) has been
evidenced by several authors. Al-Mumin et al. (2003),
analysing the cooling energy demand of 30 residences in
Kuwait found that the inner temperature set-point defined
by the occupant under similar conditions falls within the
range 19-25°C. Another example of the spread of building
energy performance results due to the occupant behaviour
is given by Li et al. (2007) who measured the cooling
energy needs of 25 household of a residential building in
Beijing by highlighting how the energy consumptions of
identical buildings varied from 0 to 14 kWh/m2 due to the
different behaviour evidenced of the occupants.
In the last two decades researchers started to develop
models for mimic the occupant behaviour patterns in
common and private indoor spaces. As stated by Parys et
al. (2011), in offices there are six main group of actions
linked to the behavioural modelling of occupants: (i)
occupancy pattern (arrival and departure time); (ii)
occupant control of shading devices; (iii) occupant control
of windows; (iv) occupant control of artificial lighting; (v)
occupant control of appliances and (vi) occupant control
of thermal environment (e.g. air change ratio, indoor
temperature set-point). For each of these group of actions,
several models have been proposed without achieving a
unique wide accepted model up to now.
The occupant control of windows consists of models able
to mimic window opening and closing in a closed space.
In fully conditioned buildings, windows are not operable.
On the contrary, in buildings not provided by cooling
systems, window opening is the simplest solution that
occupants can experience in order to obtain summer free
cooling. A first model for mimic occupant control of
windows was proposed by Warren and Parkins (1984).
After this first model, several models have been proposed;
among these models, the stochastic Humphreys Adaptive
Algorithm proposed by Rijal (2007) represents one of the
most successful. This model, validated for natural
ventilated building, assumes the indoor and outdoor
temperature as the main driving factors for the windows
opening. Two years later, Yun et al. (2009), proposed a
modification of the Humphreys Adaptive Algorithm in
which different probabilities of window openings are
defined depending on the typology of users (subdivided
in active, medium and passive users).
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Recently, Karjalainen (2016) introduced the concept of
“robust design solutions” as the combination of design
parameters for a building able to make the design less
sensitive to occupant behaviour. Karjalainen (2016)
compared the energy consumptions for heating, cooling
and electricity of a building by considering three different
user behaviours (i.e. careless, normal and conscious) and
two design strategies (ordinary and robust). Results shows
that the adoption of a robust design limits the sensitivity
of the total energy consumption to the occupant
behaviour. Karjalainen (2016) demonstrated that in a
specific case, by adopting an ordinary building design the
annual energy consumption in presence of conscious
occupants can be reduced up to 82% with respect to the
energy consumption obtained in presence of careless
occupants. The adoption of strategies for limiting the
occupant impact on the energy consumption (robust
design) can reduce this difference down to 36%.
These results demonstrate how an effort for the
introduction of models able to mimic occupant behaviour
in energy simulations is mandatory in order to enable
NZEB designers to verify the level of robustness of a
building in terms of sensitivity of both energy
consumption and indoor conditions by occupant
behaviour.
In this paper, by means of a series of dynamic simulations
obtained by using ALMABuild (Campana et al., 2017) for
a single-zone office, it is evidenced how both energy
consumptions and indoor comfort conditions can be
influenced in a different way by the main envelope
characteristics (i.e. thermal insulation position in the
envelope stratigraphy, windows orientation) and HVAC
features (i.e. radiator size, typology of control system) if
the occupant behaviour is considered or ignored.

Method
In this section, information about the case study analysed
and the behavioural model adopted are provided.
Case Study
The building considered for this case study is a singlezone office, located in Bologna, Italy. The geometry of
the room is represented in Figure 1: the floor is a slab-ongrade of 48 m2 and the roof is horizontal. All the walls are
exposed to the outdoor environment and two double pane
windows are present. The U-values of the envelope
elements are reported in Table 1, whilst constant
infiltrations are responsible of a constant air-change rate
of 0.3 vol/h.

Figure 1 – Geometry of the analysed room

Table 1 – U-values [W/m2K] of envelope elements.
Elements
External wall
Roof
Floor
Windows

U-value
0.4
0.31
0.32
1.7

No cooling systems are provided to the office; natural
ventilation, through windows openings, is the only
cooling mechanism available during the summer. The
results obtained by the surveys of Larsen and Heiselberg
(2008) are used for modelling the air change rate (ACH)
due to the window opening as a function of the absolute
temperature difference between indoor and outdoor (ΔT).
The air change rate profile for natural ventilation,
considering mean values of the wind speed, is represented
in Figure 2.

Figure 2 – Air change rate as a function of the absolute
temperature difference between indoor and outdoor.
Occupancy is modelled by means of a fixed schedule:
occupants are present from 7:00 to 20:00; for the same
period, convective and radiative constant internal gains
equal to 120 and 80 W respectively are considered. On the
contrary, heating system is activated from 5:00 to 19:00,
each day from October 15 to April 15.
Different cases, related to various envelope and heating
system configurations, are considered in this work. More
in detail, the two windows are both inserted in the South
Wall (label S), as represented in Figure 1, or in the East
and West Walls (label EW). Moreover, the thermal
insulation layer of the external walls and roof can be
placed in the external (label O) or in the internal (label I)
layer. In addition, effect of different radiator sizing are
explored: label 80 refers to radiator, whose characteristic
are reported in Table 2; the emitter is designed by
imposing a nominal inlet water temperature of 80 °C and
a temperature difference between inlet and outlet of 20 K,
whereas a nominal inlet water temperature of 70 °C and a
temperature difference of 10 K is considered for cases
labelled 70.
Table 2 – Main characteristics of a radiator element
Nominal power [W]
Exponent [-]
Water content [l]
Weight [kg]

91.1
1.31
0.74
5.4
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Finally, three different control strategies are considered:
in cases labelled DB the heating control system is
composed by a temperature controller with a dead band of
±1 K and a set-point temperature of 23 °C (office in
indoor environment category 2 in agreement with EN
15251 (2007)); if a weather compensation is adopted
(reducing the inlet water temperature according to the
external air temperature, as represented in Figure 3) the
label is WC, whilst V refers to cases in which a
thermostatic valve is coupled to the emitter.

Figure 3 – Inlet water temperature (Tw) as a function of
the external temperature (Te) for the two radiator sizes
(labels 80 and 70) when the weather compensation is
adopted.
Occupant behaviour model
In this work, for sake of simplicity, in the single-zone
office only the occupant behaviour related to the windows
opening is taken into account, neglecting the occupant
control on blinds, indoor temperature, appliances,
artificial lighting and considering a fixed occupancy
schedule. A stochastic model has been implemented in
ALMABuild, an open Simulink blockset for the building
energy simulations (Campana et al., 2017). More in
detail, the stochastic Humphreys Adaptive Algorithm
(Rijal, 2007) has been used for the modelling of occupant
windows opening. This algorithm has been developed
from field surveys conducted in 15 UK offices. The
starting point of this algorithm is the evaluation of the
comfort conditions sensed by the occupant. Adaptive
comfort temperature (Tcomf) is introduced and estimated as
a function of the running mean outdoor temperature
(Trmo), defined by EN 15251, as follows:

Tcomf = 0.33Trmo + 18.8 if Trmo  10C

Tcomf = 0.09Trmo + 22.6 if Trmo  10C

(1)

The occupant is stated to sense comfort conditions if the
operative temperature is within the range ±2 K around the
adaptive comfort temperature; otherwise the occupant
state is hot (operative temperature higher than 2 K to the
comfort temperature) or cold (temperature under the
range). If uncomfortable indoor conditions are sensed by
the occupant, the window opening probability (P) is
evaluated by means of the following logit function:

logit P = 0.171Top + 0.166Te − 6.4

exp ( logit P )

 P = 1 + exp logit P
(
))
(


(2)

Then, the window opening probability is compared to a
random number within the range 0-1. In the case of hot
occupant state and closed window, if the window opening
probability is greater than the random number, the
window is opened by the occupant. On the contrary, in the
case of open window and cold occupant state, if the
random number is greater than the window opening
probability, the occupant closes the window. It has to be
remarked that, in the Humphreys Adaptive Algorithm
comfort conditions are evaluated only as a function of the
indoor operative temperature, neglecting the effects of air
humidity ratio on occupant feelings. Moreover, this
algorithm does not depend on the number of occupants.
In the simulations presented in this paper, contrary to the
Rijal et al. (2007), the Humphreys Adaptive Algorithm is
run every 10 minutes.
Heating energy consumptions are evaluated by means of
dynamic annual simulations by considering the energy (E)
provided by radiators to the office. On the contrary,
occupant comfort conditions are estimated by means of
the values assumed during the year by the adaptive
comfort temperature. More in detail, the comfort time (τc)
is introduced for the evaluation of the comfort conditions
during the heating season. The comfort time is defined as
the percentage of annual working time in which the
occupant feels comfort conditions in the office (i.e. the
operative temperature is within the band ±2 K with
respect to the adaptive comfort temperature).

Results
Energy and Comfort results neglecting the occupant
behaviour
First of all, annual dynamic simulations are performed by
ignoring the occupant behaviour, in order to create a
baseline for the comparisons. The comfort time obtained
for all the cases considered in this work is shown in Figure
4.
In rooms in which the thermal insulation layer is placed
on the inner layer (see Figure 4a) the higher comfort time
(81.1%) is obtained, regardless the radiator sizing and the
control system, for windows placed on the South wall. For
windows placed on West and East walls τc decreases
down to 74%. Even in this case, in Figure 4a it can be
noted that the radiator size and the typology of control
system affect the comfort time only marginally: the
maximum discrepancy between the results is 0.9% and
0.5% for different radiators and control system,
respectively.
Placing the thermal insulation on the external layer
instead of the internal one, an increase of about 10% of
the comfort time is evidenced (see Figure 4b). In fact, if
windows are on the South wall, τc is around 90% and in
the case of windows in West and East walls the comfort
time reaches 84%. Again, the typology of control system
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and the radiator size slightly affect the comfort time: the
discrepancies are lower than 0.6%.

instead of the internal one causes an increase of the energy
consumption of around 8%, whereas in the case of
adoption of thermostatic valves or weather compensation
the increment is around 12% and 13% respectively.

(a)
(a)

(b)
Figure 4: Comfort time for cases with insulation on the
inner (a) and outer layer (b).
The analysis of the heating energy demand (see Figure 5)
puts in evidence that higher solar gains (obtained with
windows South-oriented) determine a reduction of around
12% of the energy consumption with respect to cases in
which windows are East and West-oriented, regardless
the thermal insulation position. As for the comfort time,
the radiator size does not affect the energy consumptions:
discrepancies due to different radiator sizes are lower than
0.9%. On the contrary, the typology of the control system
determines a variation in the energy consumptions: the
minimum energy needs are obtained adopting the control
system based on the thermostatic valves coupled to the
radiator. In fact, in the case of dead-band or weather
compensation control strategies the heating demand
increases of around 7% compared to the use of the
thermostatic valves, in presence of an inner insulation.
Dead-band and weather compensation controls lead to
similar energy needs: the discrepancies are lower than
1%.
In a room with thermal insulation placed on the external
layer (see Figure 5b) the influence of the control strategy
is higher for cases WE, for which the difference between
the maximum (case WC) and minimum (case V) result is
around the 8%. Moreover, the adoption of the dead-band
control leads to a reduction of the energy needs of around
3% compared to the use of the weather compensation.
The effects of the thermal insulation position depends on
the typology of control system: if the dead-band control is
adopted, placing the insulation on the external layer

(b)
Figure 5: Energy heating demand for cases with
insulation on the inner (a) or outer layer (b).
It is possible to summarize these results by observing how
the adoption of thermostatic valves on radiators, the
presence of windows placed on the South wall and the
adoption of a thermal insulation placed on the external
envelope layer, represents the best combination in order
to obtain low energy consumptions and high comfort
conditions.
Energy and Comfort results considering the occupant
behaviour
The evaluation of the impact of the occupant behaviour,
related to the window control, on comfort conditions and
energy consumptions have been evaluated by repeating
the numerical annual simulations for all the cases
described in the previous Section. The Humphreys
Adaptive Algorithm have been employed. Ten numerical
simulations have been performed for each design
combination in order to check the distribution of the
obtained results due to the stochastic behaviour of the
Humphreys algorithm. Typical values of the relative
standard deviation of the numerical results in terms of
comfort and energy indexes are lower than 0.05% and
0.6% respectively.
The analysis of the comfort time (τc) for rooms with
insulation placed on the internal layer (see Figure 6a)
shows
small
discrepancies
among
different
configurations: the maximum difference of τc obtained
varying the control system is 0.34%, whilst changing the
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radiator sizing leads to discrepancies lower than 0.15%.
More significant differences are evidenced modifying the
windows position: locating the windows on the South
wall determines comfort time around 1.5% higher than
inserting windows in the East and West walls.

with a dead-band control (around +12% compared to the
minimum values), whereas for cases O the weather
compensation is responsible of the higher consumptions
(+7% compared to the lower values).

(a)
(a)

(b)
(b)
Figure 6: Comfort time for cases with insulation on the
inner (a) and outer layer (b), considering the occupant
behaviour.
Similar conclusions can be assessed referring to a room
characterised by insulation placed on the external
envelope layer (see Figure 6b). In fact, higher τc are
evidenced in the case of windows South-oriented (+2.5%
with respect to case WE), whereas the radiator sizing does
not affect the comfort time (maximum discrepancy is
lower than 0.1%). A control system based on thermostatic
valves guarantees the higher comfort times, whilst the
dead-band control leads to comfort time around 1% lower
than those obtained with thermostatic valves. Comparing
the results represented in Figure 6 it can be remarked that
placing the insulation on the external envelope layer
higher comfort times, around 90%, are obtained.
From the results represented in Figure 7, higher heating
energy consumptions can be observed for a room with
windows East and West-oriented (around +11-12%
compared to the same room with South-oriented
windows), regardless the insulation layer position.
Moreover, the position of the insulation layer does not
affect the performances of the control system based on the
thermostatic valves, which guarantees the lower energy
consumptions. On the contrary, the dead-band and
weather compensation control are influenced by the
insulation layer position: if insulation is located in the
internal layer, higher energy consumptions are obtained

Figure 7: Energy demand for cases with insulation on
the inner (a) and outer layer (b), considering the
occupant behaviour.
The radiator sizing very slightly affects the heating energy
consumptions; in fact the discrepancy between cases
labelled 80 and cases 70 is lower than 1% in all the room
configurations, except if a dead-band control is adopted in
cases I, for which the discrepancies are around 2%.
Finally, comparing the results showed in Figure 7, it can
be appreciated that moving the insulation from the
internal layer to the external one is responsible of an
increment of the heating energy demand of around 12%,
except for cases DB, for which the increase is only around
3%.

Discussion
The adoption of the occupant control on windows
determines remarkable implications on both annual
heating energy consumptions and indoor comfort
conditions.
Referring to comfort conditions, higher comfort times are
evidenced if the occupant can control the window
opening. More in detail, the higher increase of comfort
times are observed for a room with windows East and
West-oriented and for a room with the insulation layer on
the internal side. In fact, under these conditions, frequent
overheating conditions (i.e. operative temperature higher
more than 2 K than the adaptive comfort temperature) are
observed. If the occupant behaviour is taken into account,
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the overheating time, i.e. the percentage of working time
in which overheating conditions appear, can be halved
compared to cases in which the occupant behaviour is
neglected, as it can be observed by the data shown in
Table 3 where the overheating time, averaged for the
different HVAC configurations, is reported.
Table 3 – Average overheating time [%], both
considering and neglecting the occupant behaviour.
No
occupant
Window
Exposition\ Insulation
position
South
East/West

Occupant

I

O

I

O

13.5
19

5.8
11.7

9.8
10

3
5.5

The occupant behaviour affects the evaluation of the
annual heating energy consumptions. In particular, the
window opening due to the occupant determines higher
energy consumptions. If the dead-band control is adopted
and the thermal insulation is on the internal layer, the
window openings due to the occupant determine
increments of 5% and 3.5% for cases I_DB_S_80 and
I_DB_WE_80, whilst if bigger radiators are installed,
increments on energy consumptions due to the occupant
behaviour are higher (+6.4% and +5% for cases
I_DB_S_70 and I_DB_WE_70).
Moreover, it is interesting to observe that in rooms
characterised by windows East and West-oriented and
insulation on the internal side (except if the dead-band
control is adopted) the energy demand is the same, not
depending on the occupant behaviour. This fact is
remarked for all the cases in which the insulation layer is
on the external side. The reason of the absence of
influence on the energy consumptions of the occupant
behaviour is that in these cases overheating conditions,
which are responsible of the window opening, appear only
in summer, when the heating system is off. On the
contrary, if the room has South-oriented windows and
insulation on the internal layer, the higher solar gains can
determine overheating conditions also in the mid-seasons
when the heating system is still on, especially if very
simple control system (Dead-Band) is adopted.
In conclusion, it can be stated that, in specific room
configurations, the occupant behaviour determines better
indoor comfort without affecting the energy
consumptions.
Sensitivity analysis
The sensitivity analysis of annual heating energy demand
and of comfort time is carried out comparing the results
obtained for the different room configurations, both
considering and neglecting the occupant behaviour. The
sensitivity analysis of the results is related to the
robustness assessment of the design configurations
proposed in the design phase.
The sensitivity of both energy consumptions and comfort
conditions to the different room configurations analysed
in the previous Section is evaluated as:

SR x =

max x Rx − min x Rx
max x Rx

(3)

where SR,x is the sensitivity to the room parameter x, (i.e.
insulation position (ins), windows orientation (or),
radiator size (dim) and control system (reg)) of the output
R, (i.e. the comfort time or the annual energy demand).
Focusing on a specific room parameter, as an example the
insulation position, several different room configurations
exist and for each of them the sensitivity to the fixed room
parameter (i.e. the insulation position in this example) can
be evaluated. For this reason, in Figure 8 the mean value
of the sensitivity to the room parameters is reported,
together with error bars which evidence the minimum and
maximum sensitivity values obtained in simulations.

(a)

(b)
Figure 8: Mean sensitivity of the comfort time (a) and
heating energy demand (b). The red error bars
highlights the maximum and minimum values.
Referring to the sensitivity of comfort conditions to the
room parameters, represented in Figure 8a, a significant
reduction of the sensitivity of the results is evidenced if
the occupant behaviour is introduced in the numerical
simulation. This is an important consequence of the
possibility of the occupant to interact with the room.
More in detail, if the occupant behaviour is neglected,
comfort conditions are more sensitive to the position of
the insulation layer in the envelope stratigraphy and to the
windows orientation (the mean value of sensitivity is
around 11% and 12%, respectively). On the contrary,
comfort conditions are not significantly affected by the
radiator size and the typology of control, in fact the
sensitivity to these parameters is lower than 1%, if the
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occupant behaviour is neglected. Similar trends are
observed if the occupant behaviour is considered: comfort
conditions are not affected by the radiator size (Sτ,dim) and
typology of control system (Sτ,reg): the mean sensitivity
value to the control system is lower than 0.5%, whilst the
Sτ,dim tends to zero (0.08%). Higher sensitivity values are
observed for the insulation position and windows
orientations. In particular, it can be noted that S or is
reduced more than 83% with respect to the value obtained
neglecting the occupant behaviour.
The heating demand sensitivity is shown in Figure 8b. In
this case, an opposite effect of the occupant behaviour can
be evidenced. In fact, referring to the insulation position
and the windows orientation, the occupant behaviour
determines a reduction of the sensitivity. On the contrary,
the sensitivity of heating demand to the radiator size and
the control system typology is higher if the occupant
behaviour is taken into account.
More in detail, neglecting the occupant behaviour, the
highest sensitivity of the energy demand is observed for
windows orientation (around 12%), followed by the
insulation position (SE,ins=10%) and by the control system
typology (SE,reg around 9%). As for comfort conditions,
the sensitivity to radiator sizing is very small, lower than
0.5%. A small difference between the sensitivity
considering and neglecting the occupant behaviour is
observed also referring to the windows orientation.
Finally, an increase of the energy demand sensitivity to
the control system typology is observed if the occupant
behaviour is considered.
It can be assessed that, in this case, the presence of an
active occupant in the room is responsible of an increase
of the robustness of the room configurations, with respect
to the annual heating energy demand and the indoor
comfort conditions.

comfort conditions, both neglecting and considering
the occupant behaviour;
• the position of the insulation layer on the external side
instead of the internal one leads to higher annual
percentage of comfort time;
• if the window opening is considered, a slight
increment of the annual heating energy demand is
observed with respect to the case in which this action
is ignored, except in the room with thermal insulation
on the external envelope layer;
• the adoption of thermostatic valves coupled to
radiators provides the lower energy consumptions
among the different control system typology;
• the sensitivity of comfort conditions on the room
design parameters is strongly affected by the occupant
interaction with windows: the window opening
determines a reduction of sensitivity;
• the window opening due to occupant actions reduces
the sensitivity of the heating energy demand on the
insulation position and window orientation, but it
increases the sensitivity to the control system
typology.
The results presented in this paper highlight that, for an
accurate prediction of the comfort and energy conditions
in a building, it becomes mandatory to take into account
the occupant behaviour in a realistic way in the numerical
models. However, the adopted model has some limitation
in the description of the occupant interactions with
windows. As an example, the adopted approach does not
depend on the number of occupants, even if it is
recognized that occupants modify their behaviour if they
share the same spaces. For this reason, the development
of more precise models able to simulate in a realistic way
the occupant interaction with building and HVAC
systems must be strongly encouraged.

Conclusion
In this paper, the effect of the occupant behaviour, related
to the window openings, on the indoor comfort conditions
and on the heating energy consumptions of an office has
been studied by using ALMABuild. The window opening
has been modelled adopting the Humphreys Adaptive
Algorithm. Four design room parameters have been
varied: (i) the position of the insulation layer of the
external walls; (ii) the window orientation, (iii) the
radiator sizing and (iv) the control system typology. The
sensitivity of annual energy demand and indoor comfort
conditions to these four design parameters have been
investigated both considering or not the occupant
presence.
The main results of this work can be summarized as
follows:
• higher annual percentage of comfort time can be
obtained by taking into account the action of the
occupant on the windows since the window opening
can strongly reduce the summer overheating;
•

the radiator sizing does not affect in a significant way
neither the energy consumptions nor the indoor
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Abstract
This paper presents an application of an activity-based
residential building energy demand model to model
energy demand at the postcode district level in Japan. The
model distinguishes between two analytical levels. At the
household level, the energy demand of households is
simulated in a bottom-up manner based on an activity
profile generated by a person-based stochastic occupant
behaviour model. Simulated households are generated
randomly based on a population census for each postcode
district to reflect the household and housing compositions.
The modelling for postcode districts can be applied to any
district in Japan. A case study indicated that the developed
model could predict the energy demand with a high
spatiotemporal resolution.

Introduction
Studies regarding the integration of an occupant
behaviour model with urban-scale building energy
models have increased. Urban-scale building energy
models quantify the energy demand of buildings at spatial
scales from a community to nation considering the
composition of building stock and the variety of
influencing factors such as meteorological conditions and
insulation performance of buildings (Fonseca et al., 2015).
Occupant behaviour models enable the structure in which
energy demand is determined to be reflected, which is
necessary to simulate realistic energy demand pattern
over time.
The modelled occupant behaviour can be classified into
1) occupancy, 2) activity, and 3) interaction with building
and appliances (Yan et al., 2017). Happle et al. (2018)
comprehensively reviewed how occupant behaviour was
incorporated in urban-scale building energy models. They
categorised the occupant behaviour modelling approaches
used in urban-scale building energy models according to
two modelling techniques, namely deterministic and
stochastic, and two levels of granularity, namely space
based and person based. In the modelling of energy
demand of residential buildings, an increasing number of
applications using stochastic- and person-based
approaches have emerged. The time-inhomogeneous
Markov chain Monte Carlo technique is the most
frequently used method to model the occupancy and
activity of building occupants (e.g., Richardson et al.,
2010, Widén et al., 2012). Wilke et al. (2013) established
a discrete event approach considering a simulated day as

a sequence of discrete activities with a start time and
duration. The start of an activity is modelled as the
selection of an activity from all ones; and the activities’
selection probability is modelled by a multinomial logit
model; the duration of activity was modelled by survival
analysis. Tanimoto et al. (2010) and Yamaguchi et al.
(2017) proposed similar discrete event models. In these
models, the operation of appliances and lighting were
determined according to stochastically determined
occupancy and activities. These stochastic and personbased approaches have been applied to model the energy
demand of buildings at the community scale. An example
is that of Baetens et al. (2016), where a community-scale
energy demand model was developed to provide energy
demand data for electric power flow analysis. In this
context, methods to model energy demand at higher
spatiotemporal resolutions were demanded. Although an
increasing number of applications of the higher
spatiotemporal resolution models have emerged, their
applications are limited at the community scale (Happle
et al., 2018).
Hence, a method to apply a residential energy demand
model integrating a person-based stochastic occupant
behaviour model to all postcode districts in Japan is
proposed herein to quantify energy demand with a high
spatiotemporal resolution. The next section describes an
overview of the proposed method using the Japanese
residential sector as an example. Subsequently, two case
studies are presented to demonstrate the proposed method.
We finally discuss the challenges to be addressed to fully
exploit the benefit of energy demand modelling
integrating a person-based stochastic occupant behaviour
model.

Method
The proposed method is an application of a district-scale
model of residential energy demand integrating a personbased stochastic occupant behaviour model to postcode
districts in Japan. The model considers the household and
postcode district as the modelling unit, hierarchically. At
the household level, a residential energy demand model
simulates the time-series energy demand with a 5-min
time interval by considering the structure in which energy
demand is determined. Household level modelling is
performed for households in a postcode district that are
randomly generated based on the population census. To
account for the variability in energy demand among
households, various modelling parameters are assigned to

________________________________________________________________________________________________
2326
Proceedings of the 16th IBPSA Conference
https://doi.org/10.26868/25222708.2019.211024
Rome, Italy, Sept. 2-4, 2019

________________________________________________________________________________________________
the simulated households considering the relation with
demographic and housing conditions. The parameter
assignment process is essential to reflect the
characteristics of the composition of households and
housing stock in the estimation of energy demand. The
model for a postcode district can be applied to all postcode
districts in Japan. This hierarchical modelling contributes
to replicated spatial variations among postcode districts.
Figure 1 illustrates the modelling procedure of the
developed model. The procedure consists of three
submodels. The household generation model generates
simulated households in the postcode districts based on
the Japanese population census data. In the second model,
the demand modelling parameter assignment model
assigns parameters used in the third model, i.e., the energy
end-use model. The energy end-use demand model
estimates the energy demand of the generated households.
The second and third models were performed for all of the
households generated by the household generation model.
The following sections explain the submodels.
Household generation model
conducted for all of the postcode districts in Japan
e-Stat census database
Nationwide
data

Prefecturelevel data

City-level
data

Postcode-districtlevel data

Probabilities describing the composition of
households and residents in postcode districts
Sampling of household and household
members

Update of
probability
distributions

The following procedure is conducted
for all of the simulated households
Demand
modelling Sampled households with specific
demographics and household
parameter
assignment
characteristics (Table 1)
model
Activity
modelling
parameters

Appliance Appliance
ownerspecifiship
cation

Stochastic
Operation
modelling of
of
occupants’ activity appliances
Energy end-use model

House
archetype

Status and
consumption
of appliances

M eteorological
condition

Household
energy
demand

Figure 1: Outline of community-scale modelling of
residential energy demand
Household generation process
The household generation model generates households
with conditions listed in Table 1 based on the Japanese
population census data published in e-Stat (SBJ 2018).
The detailed process is provided elsewhere (Yamaguchi
et al., 2019). Table 2 lists the dataset used in the model.
As shown in the table, various datasets are available at
different spatial boundaries from the postcode district,
city, prefecture, to nationwide. As shown in Figure 1,
households are randomly generated using the datasets,

and modelled as a combination of household members
with specific demographics such as age, gender, and
employment/school status, as listed in Table 1. By the
combination of household members, household
characteristics such as household size and household
composition can be defined. The housing condition is
provided as well. For this process, a number of probability
distributions are generated based on the datasets such that
the demographics and household characteristics are
sampled randomly. This household generation process
enables the composition of households to be replicated in
the simulated area. Furthermore, it allows for individual
household members to be addressed as the unit of
occupant behaviour modelling and individual household
as the unit of energy demand modelling.
Table 1: Demographics and household characteristics
Category
Item
Demographics of Age
household
member
Gender
Employment
status
Children’s
school status
Household
Household
characteristics
size
Household
composition

Note
Categorised with 5-year age
range
Male or female
Full-time, part-time, and
unemployed
Preschool, elementary, junior
and high school and university
Number of household
members
Couple’s age, age difference
between children and parents;
number of children with their
age, married couple’s
occupation status
Owner or renter

House
ownership
Housing type Single detached house or
multi-family building

The household generation process is explained using
households of a couple with children as an example. The
household characteristics and house specifications of a
couple with children are determined by evaluating
uniform random numbers with the probabilities listed in
Table 3 calculated using the dataset listed in Table 2.
Figure 2 shows the sampling procedure. First, the
household size is determined using Phs. Subsequently, the
age and gender of children are determined using the
probability of number–age combination of children (Pca,
Figure 3(a)). Subsequently, the parents’ age is determined
using the simultaneous probability of the children’s age
and Ppa (Figure 3(b)). After every random trial, Page, Phs,
and Phc are updated by reflecting the sampling result. The
specification of the houses is determined similarly. As the
relationships among housing type, ownership, and total
floor area are not available at the postcode district level,
we used the city-level data, although the ownership, total
floor area, and housing type are available at the postcodedistrict level. We calculated the probability of households
by the total floor area, ownership, and household type per
postcode district (Poah-d) using the Bayesian probability,
i.e., 𝑃𝑃𝑜𝑜𝑜𝑜ℎ−𝑑𝑑 = 𝑃𝑃𝑜𝑜𝑜𝑜ℎ /𝑃𝑃𝑜𝑜 × 𝑃𝑃𝑎𝑎 .
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Table 2: Dataset used in household generation model

6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

Item
Population by age and gender
Number of households by household size
Number of households by household type
Population by occupation
Number of households with members under 6,
12, 15, 18, or 20 years old
Number of households by presence of children
and employment type
Population of one-person households by
gender, age, and employment type
Population by gender, age, household type,
and employment type
Number of students by age, gender
Population by age, gender and occupation
Number of couples by age and employment
type
Number of mothers of fatherless families by
age and employment type
Number of fathers of motherless families by
age and employment type
Number of births by age of mothers and
fathers
Number of households by ownership of house
Number of households by house type
Number of households by total floor area
Number of households by total floor area,
housing type and ownership
Number of households by household type,
householders’ age and gender, ownership and
total floor area
Number of households by household type and
ownership

Scale
Postcode
district
City

Run for each household

Prefecture

Ppa
Plfh
Plfw
Plfwc
Plfwc’
Po
Pt
Pa
Poat
Poah

Determine number of children
Determine children’s age
Determine children’s gender
Determine parents’ age

Number of households by
household size
Population by gender and age
Number of households by
children composition
Number of households by
household size
Number of couples by their age
on their children’s birth

Phs
Pca
Page
Ppa

Update data

Nationwide
Postcode
district

Run for each household

Figure 2: Procedure of sampling couple with children
household members

City

Table 3. Probabilities used for generating parents &
children households
Probability
Page
Phs
Phc
Pca

those for the modelling of household members’ activity,
and those of 2) appliance ownership and 3) specification,
4) house, and 5) meteorological conditions. The
parameters for the activity modelling were assigned
according to the segments listed in Table 4 (Yamaguchi
et al., 2017). The segments were created based on age,
gender,
employment/school
status,
household
composition, and the existence of children of residents.
Four datasets developed based on the Japanese time-use
data were provided to the simulated individuals for
weekdays and holidays. An example of the dataset is the
probability of activities conducted at each time of the day.

Contents
Ratio of population by gender and age
Ratio of households by household size
Ratio of households by household type
Ratio of households by number–age combination
of children
Ratio of couples by their age on the youngest
child’s birth
Ratio of couples by husbands’ age and
employment type
Ratio of couples by wives’ age and employment
type
Ratio of mothers by number of children
Ratio of mothers having under 6 years old child
Ratio of households by ownership
Ratio of households by housing type
Ratio of households by total floor area
Ratio of households by ownership, housing type,
and total floor area
Ratio of households by household type,
householders’ age, ownership and total floor area

Assignment of demand modelling parameters
To consider the effect of household heterogeneity and
community characteristics on energy demand, the
determinants of energy demand are assigned to generated
households based on the result of the household
generation model. As shown in Figure 1, the demand
modelling parameters are divided into five categories: 1)

12-14 15-17 18-19
Under 6-11
years years years years Over
6
19
old old
old
old

M A B
L
C
K
J
I

D
H

G F

60%
40%
20%
0%

E

A
B
C
D
E
F
G
H
I
J
K
L
M

0
0
0
0
0
0
0
0
0
0
0
0
0

3
2
2
1
1
1
0
0
0
0
0
0
0

0
1
0
2
1
0
1
1
1
0
0
0
0

0
0
1
0
1
2
2
1
0
1
1
1
0

0
0
0
0
0
0
0
1
2
2
1
0
1

0
0
0
0
0
0
0
0
0
0
1
2
2

−34 to −30
−29 to −25
−24 to −20
−19 to −15
−14 to −10
−9 to −5
−4 to 0
1 to 5
6 to 10
11 to 15
16 to 20
21 to 25
26 to 30
31 to 35
36 to 40
41 to 45
46 to 50

No
1
2
3
4
5

Male's age − female's age

Figure 3: (a) Probability of number–age combination of
three children (top) and (b) Simultaneous probability of
the children’s age and Ppa shown by the difference of age
between the couple (bottom)
Table 4: Category of occupants’ attributes in generating
occupants’ activities
Category
Working male
(7), Working
female (14)

Detail
20–44-year-old single, 45–65-year-old single,
person with under-6-year-old children, person
with students, person without children. For
female, full-time/part-time is considered.
Housewife (5) Under-45-year-old housewife without
children, over-44-year-old housewife without
children, housewife with under-13-year-old
children, housewife with over-12-year-old and
under-19-year-old children, housewife with
over-18-year-old children
Student (10) Elementary school student, junior high school
student, high school student and college
student (living in alone/with family) by gender
Elderly male Over-64-year-old male/female (living in
and female (4) alone/with family)
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following information was determined based on the result
of the modelling parameter assignment and some rules:
• Private room used by each household member,
• Rooms used while each household member conducts
each activity,
• Appliances used in each room and electricity
consumption while the appliance is on and in standby
status, and
• Appliances used while household members conduct
each activity.
(2) Stochastic generation of activity
In the model, the activity of all household members is first
generated stochastically by the model developed by
Yamaguchi et al. (2017). The model assumes a discrete
event approach in which the simulated days are modelled
as a sequence of activities with a start time and duration.
In the model, activities are classified as routine and nonroutine activities. The routine activities include sleeping,
work/school, having breakfast, lunch, and dinner, and
bathing. The routine activities are first placed on the
timeline of a day considering the interrelationship
between routine activities and mutual relationships with
other household members (e.g., having meals together).
Subsequently, non-routine activities, such as performing
laundry and watching TV, fill the gaps of the routine
activities.
勤め人男
Husband
主婦
Wife
小学生
Child 1
中学生
Child
2
0:00

6:00

12:00

18:00

24:00

(a) S tochastic generation of activity
冷蔵庫
Fridge
テレビ
TV
Washing 洗濯機
M.
掃除機
Cleaner
Kitchenコンロ
S.
炊飯器
Rice cooker
レンジ
M icrowave
0:00

6:00

12:00

18:00

24:00

(b) Determination of appliance use
3.0

Electricity demand
[kW]

The ownership and specification of refrigerator and TV
were differentiated among households based on logistic
regression models considering household characteristics
as predictor variables developed based on a questionnaire
survey (Yamasaki et al., 2017). A water heater was
selected from a gas/kerosene water heater, latent heat
recovery gas/kerosene water heaters, an electric water
heater, and a heat pump water heater. The selection
probability was modelled by a logistic regression model
developed based on a questionnaire survey. For other
appliances, the ownership and specifications of the
appliances were assigned randomly based on the
frequency distributions of the number of appliances in a
household and their specifications developed based on a
questionnaire survey collected from approximately 800
households (Itagaki et al., 2014). Parameters used to
determine the usage of bath and shower were given by
Taniguchi–Matsuoka et al. (2018 and 2019).
A house archetype with a specific size, layout, and
insulation performance (Shimoda et al., 2007, Taniguchi
et al., 2008) was assigned based on the housing type and
total floor area of the house. The house archetype was
used for thermal load simulation to quantify energy
demand for heating and cooling.
"AMATERASS" data set was used to produce the
meteorological data necessary for the energy demand
modelling. In AMATERASS, the data of global, diffuse
and direct horizontal solar fluxes were estimated based on
the method presented in Takenaka et al. (2011) using the
data collected by the Japanese geostationary
meteorological satellite Himawari-8. The data has the 1 x
1 km spatial resolution and 2.5 min temporal resolution.
The other meteorological data were developed based on
data provided by MSM/GPV (JMBSC, 2019). Thus the
AMATERASS data is consistent and quasi-real-time
analysis is already available. "AMATERASS web"
provides semi real-time visualization of those data by
High-performance and Flexible Protocol, HpFP (Murata
et al., 2016a, Murata et al., 2016b). These data set is sliced
by the city boundary to assign meteorological conditions
to each city with 5 min step. The high spatiotemporal
resolution data enables to reflect the effect of
meteorological conditions on energy demand.
Energy end-use model
The energy end-use model quantified the energy demand
of the simulated households with the time resolution of 5
min based on the modelling parameters assigned by the
demand modelling parameter assignment model. The
procedure is illustrated in Figure 4. As shown in Figure 1,
the model first simulates the activity of all household
members (Process a) in Figure 4) stochastically. Based on
the activity, the status of the appliances is determined
(Process b)). Finally, the energy demand of the household
is quantified as the sum of energy consumption of all the
appliances used in the house. The following subsections
explain the procedure.
(1) Preparation process
According to the household composition, house archetype,
and the ownership and specification of appliances, the

2.5
2.0
1.5

Cooling
Water
heating

Appliance
Kitchen
Lighting

1.0
0.5
0.0
0:00

6:00

12:00

18:00

24:00

(c) Aggregation of energy demand

Figure 4: Modelling procedure
(3) Determination of appliance use and energy
consumption
In the model, the necessity of lighting use is judged based
on the occupancy of household members and the natural
illuminance in rooms. The same judgement was
performed for heating and cooling devices if any heating
and cooling devices are available (Taniguchi et al., 2016).
The natural air-temperature was quantified by a thermal
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circuit model considering the meteorological conditions
and house archetype (Taniguchi et al., 2008, Shimoda et
al., 2010). The electricity consumption of air-conditioners
was quantified considering the thermal load, coefficient
performance, and their dependencies on the outdoor air
temperature and part load factor.
Hot water use is calculated whenever the behaviour of an
occupant is registered as face washing, bathing,
showering, or dish washing, as well as whenever the
bathtub is filled with hot water. An electric water heater
and a heat pump water heater equipped a hot water tank.
We assumed that hot water is stored in the tank using
electricity between 22:00 and 7:00. The temperature of
tap water was calculated based on the outdoor air
temperature. A detailed explanation is given by Shimoda
et al. (2017).
The other appliances can be divided into two groups
according to the interaction by household members. The
first group was of those operated constantly without any
interaction by household members, such as refrigerators
and network routers. For these appliances, a constant
electricity consumption was assumed, except for
refrigerators. The refrigerators’ electricity consumption
150
100
50
0

0_4
5_9
10_14
15_19
20_24
25_29
30_34
35_39
40_44
45_49
50_54
55_59
60_64
65_69
70_74
75_79
80_84
85_89
90_94
95_99

Population

Observed
Sampling

was assumed to vary depending on the monthly average
outdoor air temperature. Appliances in the second group
are those operated by household members, such as TV
and washing machine. These appliances were assumed to
be used while related activities were conducted. The
occurrence of use was examined by comparing a uniform
random number with the operation probability of the
appliances defined with all activities (Taniguchi et al.,
2016). The duration of the appliance use was assumed to
be the same as that of the activities for most appliances.
Those of washing machine, dryer, dish washer, and rice
cooker were assumed to be constant because the washing
and drying processes were programmed. The energy
consumption of these appliances were assumed to be
constant while in use.

Case study
In this section, a few postcode districts are used as
examples to demonstrate the modelling procedure
implemented at a postcode district. Figure 5 shows the
composition of people’s age, household size, and housing
type estimated for a postcode district by the household
generation model compared with the corresponding data
given by the population census. As shown in the figure,

6-person
5-person
4-person
3-person
2-person
1-person

Age group
(a)

Sampling
Observed Observed
Sampling

Apartment

Detached

0% 20% 40% 60% 80%100%
0

Ratio of households
by housing type
(c)

100 200 300 400 500

(b)

Figure 5: Comparison of census and result: (a) People’s age (b) Household size (c) Housing type
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Figure 8: Estimation result of electricity demand
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the household generation model well reflected the
composition of residents and households in the postcode
district observed in the population census. It is noteworthy
that the number of residents in the age groups shown in
Figure 5(a) is underestimated. This is because we ignored
some minor combinations of households, such as twomember households comprising same-gender persons
without blood relationship.
Subsequently, we applied the model to three postcode
districts located in Komae city, Tokyo. These districts
were selected to highlight how the composition of
households and housing stock in districts were reflected
in energy demand. The numbers of households in each
area are 639, 1730, and 625. Figure 6 shows the ratio of
households by household size and householders’ age.
Figure 6(a) shows that the ratios of one-person
households in Areas 1 and 2 are higher than that in Area
3. Meanwhile, as shown in Figure 6(b), that of under-45year-old householder in Area 1 is higher than those of
Areas 2 and 3. The ratio of apartment in each area is 78%,
98%, and 13%. Figure 7 shows the average number of
people conducting activities on weekdays classified by
the major category. Figure 8 shows the average electricity
demand by end-uses on weekdays in January. The figure
shows that the electricity demand, especially for heating,
cooling, and lighting, is larger in Area 3, where most
families live in detached houses. Furthermore, the figure
shows that the decline in electricity demand between 8:00
and 18:00 is modest in Area 2, where more elderly people
live, compared to Areas 1 and 3.

Application to all cities in Japan
This section describes the application of the model.
Although this model can be applied to all postcode
districts in Japan, energy demand was quantified while
considering cities as the modelling unit herein. We first
conducted the household generation process for all of the
postcode districts in Japan. Subsequently, 500 households
were sampled randomly for each city to reduce the
simulation time.
Figure 9 shows the estimated mean electricity demand per
household on two representative days, i.e., February 7,
2017 in the winter, and August 9, 2016 in the summer.
The figure only shows those at 4 am, 7 am, 3 pm, 8 pm,
and 11 pm. It is noteworthy that different threshold values
were used in these figures for the summer and winter to
indicate the scale of the demand. The electricity demand
during winter is larger than that in the summer. At 4 am,
the electricity demands of the prefectures along the
northern sea and prefectures in the Shikoku island (the
second island from the left) are larger than those of other
prefectures. This is due to the electric water heater that
stores hot water in a water tank using electricity at night
and exhibits a large proportion in the residential water
heater in these areas. The prefectures in the Kanto region
including Tokyo exhibit the lowest electricity demand
because gas water heaters are dominant as the city gas
infrastructure is accessible in most cities.
The cities with a larger demand at 4 am exhibit higher
demand at 7 am because of the same reason. The demands

at 7 am are higher than those at 4 am as more activities
are conducted at home as people wake up. It is noteworthy
that the central part of the primary island, which is in
mountainous areas, exhibits a higher demand than the
surrounding areas during the winter as the air temperature
is lower. A similar trend was observed at 3 pm, 8 pm, and
11 pm. Meanwhile, urbanized areas exhibit a higher
demand for cooling in the summer where the air
temperature is high and the proportion of multifamily
buildings is high in the residential building stock.
At 11 pm, urbanized areas exhibit a higher demand in the
summer. This can be attributed to the higher use of airconditioners for cooling and the large proportion of
singles that have time use with sleeping time later than the
other groups.

Discussion
A method to implement an energy demand model
integrating a person-based stochastic occupant behaviour
model to areas in Japan is demonstrated herein. The
method was designed to estimate energy demand at the
high spatiotemporal resolution. The method quantified the
energy demand of households based on a person-based
stochastic occupant behaviour model. The energy demand
of a simulated postcode district is quantified as the sum of
those quantified for households living in the district. The
postcode district-scale model can be applied to all the
postcode districts in Japan using population census data
and meteorological data. The parameters that affect the
energy demand significantly, such as housing
specification,
insulation
performance,
appliance
ownership, and activity profile, are assigned to individual
simulated households to reflect the characteristics of the
postcode districts in terms of the composition of
households, housing stock, and meteorological conditions.
The hierarchical consideration enables the spatial
variation and temporal variability of energy demand to be
reflected such that a high spatiotemporal energy demand
can be estimated.
Although cities were addressed as the modelling unit in
the case study, instead of postcode district, the results well
demonstrated that the proposed method could estimate
spatial variations in electricity demand. Based on the
result, we derived the following challenges to be
addressed to fully exploit the benefit of stochastic personbased residential building energy demand modelling.
- The
results
quantitatively
indicated
that
meteorological conditions, selection of water heater,
and people’s activity profile characterised residential
energy demand in cities. This implies that the model
to allocate modelling parameters affects the model
performance significantly. More research is required
to understand the relationships among these
parameters with the demographics, household
characteristics, and geographical conditions.
- Occupant behaviour modelling has traditionally
focused less on spatial variation. Further research is
required to consider the spatial variation in occupant
behaviour.
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The result indicates a significant spatial variation in
energy demand. However, whether such spatial
variations exist and how energy demand is
distributed spatially are not well understood. Further
investigation is required to collect empirical evidence.

contributing to the spatial variation in residential energy
demand, i.e., the meteorological condition and
compositions of households and housing. The results
demonstrated that the proposed method could simulate
energy demand data with a high spatiotemporal variation.

Conclusion
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Figure 9: Mean electricity demand per household in the all cities in Japan on the two representative days:
February 7, 2017 in the winter (left) and August 9, 2016 in the summer (right)
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Abstract
This study tests semi-automated simulation measures
such as schedules and occupancy profiles in BIM
software packages to establish energy performance
predictions for the purposes of providing evidence of
compliance. These predictions are tested against an
archetypal range of household operation figures that are
based on the data collected of approximately 400
households monitored for 11 months each. This study
identifies that standardising the simulations by using the
archetypal range of dwelling occupation predictions
produces a more consistent outcome in energy evaluation
across both software packages. However, both of the BIM
software packages tested in this study are unable to
establish energy performance predictions that align with
the real-world measured data. This suggests that in-built
semi-automated simulation measures, beyond the
optimised schedules and occupancy profiles, investigated
in this study, need to be examined in greater detail.

Introduction
57 per cent of New Zealand construction projects adopt
the Building Information Modelling (BIM) approach
(BRANZ, 2017). ArchiCAD© and Revit© are the widelyused software packages (Thompson, 2012). Many firms
have bought into this workflow by buying licenses for
either ArchiCAD© or Revit©, with their most common
use being 3D visualisation, 80 per cent, and design
review, 75 per cent. However, both software programs
have either built-in (ArchiCAD©) or connection function
(Revit© to Green Building Studio©), which allow energy
evaluation. Yet, in New Zealand, this function is one of
the least used of the tools, with only 13 per cent of users
adopting this and 0 per cent using it for New Zealand
Building Code (NZBC) compliance. Under New Zealand
standard NZS4218, NZBC compliance can be
demonstrated using these tools through the ‘Modelling
Method’, which requires the software to be validated
against ASHRAE 140, an international energy simulation
standard. ArchiCAD© and Revit© both claim validation
against this standard.
Due to the large uptake of ArchiCAD© or Revit© by
architectural firms and the low adoption of the energy
evaluation tools, this study explores the viability of their
semi-automated building energy performance simulation
capability. BIM software packages like ArchiCAD© and
Revit© aim to eliminate inappropriate human

intervention that could cause results to be untrustworthy
(Bazjanac, 2008). This is done using a predetermined set
of simulation inputs that are automatically assigned to
increase workflow productivity.
These inputs include a set of predictions around the
behavioural patterns of dwelling occupants. However,
this set of predictions differs from program to program
and they often do not match the required assumptions in
the building code Modelling Method. This paper
evaluates the effect on performance of these pre-set
default assumptions of occupancy and energy use using
as a baseline an archetypal range of household operation
figures developed in recent Ph.D. research (Bakshi,
2017). The goal is to develop an occupancy modelling
framework for the different types of residential housing
that can: create consistency between software packages;
provide appropriate code compliance results; and
document a range of schedules that can be used to
establish the risk of non-compliance with the code should
occupancy be significantly lower or higher than the
‘typical’.

Background
Globally, over the last 40 years, theoretical frameworks
have attempted to capture the complexities of human
behaviour by defining the connection between the
external environmental factors (actions and events) and
the internal human factors (drivers and needs) (Hong et
al., 2015). Yet, aside from all of this research, occupation
predictions are still one of the major weaknesses in
building simulation for energy efficiency (Hong et al.,
2015).
This issue has gained even more importance as building
simulation shifts from a specialised task, using software
that provides full manual control, towards semiautomation or BIM methods. This shift has increased the
difficulty of creating trustworthy energy simulation
results. This is in part because the detailed simulation
building specific inputs that were once defined by
engineers are now substituted by semi-automated
simulation measures that are based on one-size-fits-all
assumptions.
In the context of residential housing within New Zealand,
the building code loosely defines appropriate occupancy
prediction parameters and leaves itself open for
interpretation and adjustment.
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A recent doctoral thesis established a number of
operational formulae based on dwelling size, household
size and number of household appliances (Bakshi, 2017).
Using data from the monitoring of approximately 400
households for 11 months each, and these formulae, an
archetypal range of more accurate dwelling occupancy
predictions can be incorporated into semi-automation
software packages for building energy performance
simulation.

Methods
Newmarch et al., (2018) identify that in order to meet
compliance in New Zealand the NZBC “Modelling
Method” requires the a compliance report comparing the
performance of a simulated model with against a
reference model. The reference model is built to the
compliance requirements outlined in NZS 4218. This
model applies the minimum construction R-values based
on the climate zone and is the measure of the minimum
required level of performance.
In order to tests semi-automated simulation measures to
establish energy performance predictions that can
demonstrate evidence of compliance, this paper adapts
this process and presents the building energy performance
results of a reference case study model that uses software
inputs for materials. As a measure of quality assurance all
models use the same geometry and glazing ratio.
The case study model (Fig. 1), a typical mass built threebedroom residential house, is simulated using the simple
R-values specified in the NZS4218 (New Zealand
Standards, 2019).

Figure 1: Case study model elevations of a typical mass
built three-bedroom residential house. An example of the
cases studies architype monitored in Bakshi (2017).
The semi-automated simulation measures for schedules
and occupancy profiles are examined for both
ArchiCAD© and Revit© and optimised to reflect the
measured energy use of a range of case studies from
Bakshi (2017). To represent the full range of similar case
studies for which data was measured, this study tests two
semi-automated simulation measures of schedules and
occupancy profiles that present the highest and lowest
energy households. The result of these high and low
energy household measures are then presented

comparatively against the measured or expected range of
energy use.
To process case study data, the following five steps must
be completed for the mechanics part of this methodology.
All five steps must be completed the first time an analysis
is done. Steps 1 to 3 for the first investigation area took
four days of modelling for the initial simulation, each
subsequent simulation was much quicker (half a day) as
the built up model required minor tweaks to test different
occupancy profiles. Step 4 took 1-1.5 days for each
separate analysis. Step 5 typically took 2-3 days to
evaluate, graph and summarise the results.
1.
Prepare the architectural ‘Building
Information Model’.
2.
Define all ‘thermal blocks’ and set
environmental inputs.
3.
Automatic model geometry and material
property analysis.
4.
Assign and input additional data to complete
‘Building Energy Model’ (BEM).
5.
Evaluate energy performance.
In total, a single case study with multiple investigation
areas should take approximately 7 to 11.5 days to
complete. This is considering modelling from scratch. In
practice, where an existing 3D model already exists with
zones, set up of all the simulation inputs could be done in
1 day.
On top of this, the level of energy evaluation is likely to
be significantly less thorough due to a practice-based
analysis being more targeted at finding a specific thing.
For example:
- Does it meet NZBC?
- Does it overheat in summer?
- Is it too cold in winter?
These questions can be answered quickly by looking at
the summary report exported as a PDF. There would be
no need for analysing the raw data (as a CSV export) in
Excel, which is where the time was spent in the energy
evaluation for this research. This five step process
potentially highlights a significant barrier to the viability
using BIM’s semi-automated building energy
performance simulation capabilities in practice.
Educating professionals in the use of tools like these to a
point that the time required to complete the analysis is less
than the time that is currently required. This also calls into
question the value provided is worth the considerable
extra expenditure of time.
In both software packages, models were built using
material descriptions that align closely with the building’s
consent specifications. For example, Pink Batts©, a glass
fibre batt insulation product commonly used in New
Zealand construction, has been matched with the glass
fibre batt insulation option in both ArchiCAD© and
Revit©.
The building modelling strategy adopts the same
modelling approach as Newmarch et al., (2018). All
construction assemblies were made using materials
present within the inbuilt library. Each material layer was
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given the same thickness to match the case study
construction specification.
However, as both inbuilt calculators were homogenous,
for heterogeneous layers the most prevalent material
properties were taken. In the context of this case study, in
an insulated timber wall with a timber structure and
insulation infill between the vertical timber studs, a single
insulation material “layer” was defined. As a combination
of the two materials’ R-values. (Newmarch et al., 2018).
The methodology for R-value inputs for the reference and
proposed models differ slightly in each software due to
their interface and settings.
For ArchiCAD©, the construction R-values were input
using the override setting within the energy model
evaluation settings and a “Structure Heat Storage Mass”
was applied. In Revit© the construction R-values were
input by creating a new material with thermal properties
that generated the reference and proposed construction Rvalues.

Analysis of Simulation Inputs
In ArchiCAD© the default values reflect the operation
profile specifications of the DIN 18599 Standard - Energy
Efficiency of Buildings. However, this standard states that
this operation profile is not made for residential buildings.
Additionally, as the standards are native to Germany, it is
not clear where the NZ Residential Profile (Fig. 2), is
generated from.

Table 1: Revit© operation and energy load profile semiautomated simulation measures list, Autodesk (2019).
Parameter
Occupancy Schedule
People/100 sq. M.
People Sensible Heat Gain (W/person)
People Latent Heat Gain (W/person)
Lighting Load Density (W/sq. M.)
Equipment Load Density (W/sq. M.)
Infiltration Flow (ACH)
Outside Air (ventilation air) Flow Per
Person (litres per second)
Outside Air (ventilation air) Flow Per
Area (cubic meters per hour per
square meter)
Unoccupied Cooling Set Point (C)

Values
Residential
0.945
70
45
4.8
4.6
0.5
Null
1.1

29.4

What Fig. 2 and table 1 identify is that both software
packages establish their specific set of assumptions for
building performance evaluation from within their
country/continent of origin. Although this is a logical step
for their relative local markets, it quickly reduces the
applicability to other international markets where they are
also being sold.
In New Zealand the regulations provide assumption
parameters for the ‘Modelling Method’ that are loosely
defined, which means that externally developed software
doesn’t have to redo the information being applied to case
study-specific building components. Very literally the
‘Information’ aspect in ‘Building Information Model’
quickly becomes inaccurate, leaving the user with a
building model that lacks crucial information. This
missing link becomes important as this missing
information is used to create a Building Energy Model
(BEM), which in turn generates results that can be used
for compliance against the NZBC.
Figures 3 and 4 are graphs of the different occupancy
assumptions from ArchiCAD©, Revit© and NZS4218.
They represent two different periods; weekdays and
weekends, as defined in NZS4218. However, both
ArchiCAD© and Revit© keep the same set of
assumptions across all these periods. Occupancy
schedules follow the same trend with differences
noticeable during the day.

Figure 2: ArchiCAD© operation profile semi-automated
simulation measures list.
Table 1 lists details about the assumptions used for each
building type during energy analysis or heating and
cooling loads analysis in Revit©. These assumptions are
based on ASHRAE 90.1-2010, ASHRAE 90.2-2010,
ASHRAE 62.1, CBECS data, and other building surveys.
The Autodesk Revit© manual specifically notes that these
assumptions are used for the purpose of providing
reasonable energy usage estimates and not for the purpose
of code compliance (Autodesk, 2019).

Occupancy (%)
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Figure 3: Weekday occupancy profile comparison.
This could be due to the behaviour predictions originating
from different behaviour patterns. For example, Revit©
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Occupancy (%)

define their occupancy schedule as “single family” which
suggests occupancy assumptions based around work and
school daily patterns. This definition of the name appears
to be reflected in the schedule not turning completely off
during the middle of the day and starting to increase at
3pm, a typical school finishing time, and again at 5pm, a
typical end to the workday.
In contrast, ArchiCAD© only specifies the schedule as
“Residential NZ” which is a term more loosely defined
than what is used in Revit©. However, as the schedule is
inactive from 9am until 6pm. It can be assumed that this
behaviour prediction appears to be based on occupants
with a professional lifestyle and not children. The
behaviour prediction assumptions are not stipulated in the
user manual.
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Figure 4: Weekend occupancy profile comparison.
For both ArchiCAD© and Revit© there are a notable
differences, beyond the Graphic User Interface (GUI) for
running an energy simulation. These differences pertain
to the assumption of occupancy (Fig. 5) and internal heat
gains (Fig. 6).
120
100

Schedule Method’s R-values. As with most building
energy performance software, both software packages
‘validate’ themselves against the same international
computer modelling standard, ASHRAE 140.
200
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Figure 6: Comparison of heat gains per person between
code and ArchiCAD© and Revit©.
In this initial analysis (Fig. 3 to 6) any potential
similarities in energy predictions seems implausible for an
identical building modelled in these two software
packages. This appears to be primarily driven by the
differing occupancy predictions for a residential building
in ArchiCAD© and in Revit©.
As these occupancy predictions are also different to those
recommended by the building code for energy simulation,
they cannot ‘out-of-the-box’ be easily used to
demonstrate compliance with the building code energy
performance specification. With an increasing trend to
create these ‘semi-automated’ and apparently validated
(ASHRAE 140) simulation packages there is a level of
unreliability in the results which precludes any possible
approval of their use for code compliance and increases
the probability that they could be a cause of future
‘performance gap’ problems.

Measured Data

80
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Archicad
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Area per person (m2)
Figure 5: Comparison of occupancy figures between
code and ArchiCAD© and Revit©.
Both ArchiCAD© and Revit© are drastically different in
comparison to the suggested parameters from the NZS
4218 as part of the New Zealand Building Code.
The code compliance methods allowed in the NZS4218
means of compliance with Clause H1 of the building code
allows any calculation tool that complies with ASHRAE
Standard 140 to be used to prove compliance.
The process allows a wall R-value to be smaller than the
minimum required in the Schedule Method. What it
requires is that a building’s performance is simulated to
demonstrate it is better than a baseline design using the

A doctoral thesis completed in 2017, titled, A lifecyle
analysis of living, focused specifically on measuring
household behaviour and the impact associated with the
act of dwelling rather thean simply looking at the dwelling
alone (Bakshi, 2017).
This doctoral thesis, first established the fundimental gap
of knowledge surrounding our understanding of human
behaviour in the operation of a household. Among other
things, like potential environmental impact reduction
measures in the energy generation sector, Bakshi (2017)
identified the existence of Hidden Emissions (Bakshi,
2017, p.223) that are currently not considered in
international CO2 accounts.
This work postulated a an unprecedented theoretical
framework for establishing impact resulting from human
behaviour at the household level, making it possible to
understand how behaviour in the home effects household
occupancy and operation.
Using data from the monitoring of approximately 400
households for 11 months each and operational formulae
based on dwelling size, household size and number of
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household appliances, Bakshi (2017) identified three
occupancy and energy user groups.
For the purposes of this study the measured household
operation and occupancy data from Bakshi (2017) is used
as it provides the only measure of actual occupancy in
household operation to date. Figure 7 shows the data
graph produced by Bakshi (2017) These were classified
as low, medium and high users which translated into
occupancy and energy load figures for this study.

kWh (Monthly)

________________________________________________________________________________________________
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User Group Energy (ArchiCAD©)

Results

kWh (Monthly)

The measured data of ‘high user’ and ‘low user’
households were presented in average kilo-watt hours
(kWh) per month. For this reason all simulation outputs
will be converted to monthly averages so that the results
can be comparatively analysed.
800
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1200

kWh (Monthly)

Figure 7: Low, medium and high occupancy and energy
user groups Bakshi (2017, page 204).
For the purposes of this investigation, only the ‘high user’
households and ‘low user’ households are tested in
ArchiCAD© and Revit©. This made it possible to
comparatively assess the comprehensive range of
expected results against the simulations from each semiautomated simulation software.

Figure 9: ArchiCAD© results range
In order to establish how the semi-automated simulation
schedules and occupancy profile measures in
ArchiCAD© establish energy performance predictions,
the user group profile energy results for both the low and
high user groups are plotted in Figure 9. This data shows
that when simulated in ArchiCAD©, the lowest user
group profile energy figure is approximately 390kWh per
month and the highest figure is approximately 521kWh
per month. Both the lowest and highest figures are well
below the expected range figures. This suggests a
consistent downward trend for both simulation outputs
from ArchiCAD© in comparison to the measured figures.
1000
800
600
400
200
0
lowest user group
profile

Highest user group
profile

User Group Energy (Revit©)

lowest user group
profile

Highest user group
profile

User Group Energy (Expected)
Figure 8: Expected range based on Bakshi (2017)
The expected range data (Fig. 8) suggests that the lowest
user group profile energy figure is approximately
470kWh per month. The highest user group profile energy
figure is approximately 760kWh per month. (Bakshi,
2017). This is the targeted average monthly kWh range
that each software simulation will need to replicate so that
the simulation results can be trusted as a measure of
quality against the measured data collected.

Figure 10: Revit© Results range.
The results of the semi-automated simulation of schedules
and occupancy profile measures in Revit© are plotted in
Figure 10. This data does not follow the same trend for
both simulation outputs as observed in the outputs from
ArchiCAD©. The lowest user group profile energy figure
is approximately 320kWh per month, which like the
lowest figure from ArchiCAD© is much smaller than the
‘expected range’ figure. However, the highest user group
profile energy figure is approximately 960kWh per
month. These figures have the biggest range of simulation
results that is outside of the highest and lowest ‘expected
range’ results (Fig. 8).
The trends, or lack thereof in the case of the ArchiCAD©
results that are observed in Figures 8 to 10 are
collectively plotted on a single axis (Fig. 11). This makes
it possible to compare the ‘low user’ and ‘high user’
range of each simulation package with the expected range
data.
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default occupancy profile comparison presented in
Figures 3 and 4.

Monthly kWh
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lowest monthly average
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Figure 11: Comparison of high and low simulation
results – Expected Range vs ArchiCAD© vs Revit©.
(Figures 8, 9 and 10 merged in order to see a better
comparison between the results).
The comparison of high and low simulation results (Fig.
11) identifies that although the simulation results overlap
and in some instances fall within the ‘expected range’, the
highest and lowest figures for both do not replicate the
simulation results and hence cannot be quality assured
against the measured data collected by the preceding
doctoral research (Bakshi,2017). Although it is possible
to use this data to create more consistent occupancy
profiles for both BIM software packages, this does not
establish reliable energy performance predictions for the
purposes of providing evidence of compliance in pactice.
This could potentially be resolved by examining in greater
detail the other in-built semi-automated simulation
measures, beyond the optimised schedules and occupancy
profiles. These can potentially include the material
properties and libraries, how both software packages deal
with thermal bridging and also how heterogeneous and
homogenous construction layers are modelled as
identified by Newmarch et al. (2018).

Conclusion
This study tested semi-automated simulation measures
that specifically deal with the building schedules and
occupancy profiles in BIM software packages to establish
energy performance predictions. These predictions were
tested against an archetypal range of household operation
figures that are based on the monitoring data of 400
households for 11 months each.
This study identifies that standardising the simulations by
using the archetypal range of dwelling occupation
predictions can produce some consistent inputs for semiautomated simulation measures such as schedules and
occupancy profiles. Although this has potential to
produce more consistency in the outcome in energy
evaluation across both software packages, both BIM
software packages are unable to establish energy
performance predictions that align with the real-world
measured data. The semi-automated measures
incorporated in each software package both use input data
that cannot be used for the purpose of code compliance. It
is therefore unsurprising that the occupancy profiles
tested in this study based on measured data produce more
consistent results between the software packages tested.
This is also a predictable outcome when one considers the

It should be noted that this research is not without
limitations. First, in order to test the simulation viability
and process, this study only analyses one type of case
study that was examined in the preceding doctoral
research. Although the data from this doctoral research
was extensive and representative of the residential
housing stock in New Zealand, simply looking at one
housing typology here inherently means that the results
presented are restricted to this single housing typology.
Second, the data that these results are based on were
collected in the Household Energy End-use Project
(HEEP) over ten years ago (BRANZ, 2013). Therefore
this data may not represent current design technologies
and practices.
Third, this study only tests semi-automated simulation
measures that focus on schedules and occupancy profiles
in two BIM software packages.
Fourth, although this study identifies the need to
incorporate accurate energy simulation in the BIM
process, neither the demand nor the viability of using
BIM’s semi-automated building energy performance
simulation capabilities in practice have been tested. This
has both economic and accuracy concerns. The simulation
time-frame identified in this study alone suggested this is
a potentially grave concern. Especially considering the
simulations here were conducted by a team of simulation
experts and researchers. Therefore, it is expected that the
most significant barriers to being able to provide accurate
energy performance predictions using the BIM software
packages tested in this study will likely be:
- educating professionals in the use of these tools
to a point that the time required to complete the
analysis is less than the time that is currently
required – or the value provided is worth the
considerable extra expenditure of time;
- providing reliable and trusted data on materials
and example details that can be easily used by
industry;
- providing tools that are improvements on the
interfaces tested here that enable design
professionals to understand energy simulation in
existing practice and to develop designs that
optimise building efficiency and performance.
These four limitations are the basis for the logical next
steps in this research which will need to focus on:
- Developing a statistically representative sample
of simulations.
- Measuring contemporary projects in industry to
establish occupancy and energy profiles.
- Examining other in-built semi-automated
simulation measures not examined in this study.
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Abstract
The characteristics of occupant behaviour models
presented in scientific literature do not necessarily convey
the properties of a model related to its outcome on – e.g.
the mean behavioural state, the variance in behavioural
actions, or the resulting energy use for a given building.
Given the huge variety of modelling approaches and
observed behavioural patterns, the question arises,
whether the existing characteristics are meaningful for
those who should apply these models in daily praxis, i.e.
building simulation engineers or architects, less trained in
statistical measures. Therefore, this paper presents a
method to create characteristics for occupant behaviour
models, so that the model’s behaviour is more tangible for
those who should apply occupant behaviour models.
Through standardized simulations including occupant
behaviour models, the average length of usage, the
number of interactions, and typical schedules for summer
and winter are extracted, which allow a straightforward
comparison of a model’s behaviour.

Introduction
Due to the importance of occupant behaviour for the
energy use within buildings, the interest to close the gap
between prediction and observation, and the activities of
IEA EBC Annexes 53, 66, and 79, there is a growing
number of occupant behaviour models presented in
scientific literature.
These models are based on data sets from a large variety
of contextual (office, residential, laboratory) and climatic
backgrounds, though, most models are based on data from
one specific combination of contextual and climatic
background (Andersen, Fabi, Toftum, Corgnati, &
Olesen, 2013; Gunay, O’Brien, Beausoleil-Morrison, &
Gilani, 2016; Haldi & Robinson, 2009; Hong, TaylorLange, D’Oca, Yan, & Corgnati, 2016).
In addition, the data analysis approach, i.e. the statistical
method applied, varies as well from rather simple logistic
regression models over Markov chain approaches and
mixed effect models towards Bayesian and Machine
Learning methods (Barthelmes, Heo, Fabi, & Corgnati,
2017; Haldi, Calì, Andersen, Wesseling, & Müller, 2016;
Haldi & Robinson, 2011; Markovic, Wölki, Frisch, & van
Treeck, 2017).
So far these occupant behaviour models are – if at all –
evaluated either based on statistical parameters such as R2
or their predictive power, e.g. based on their true positive

rate (Mahdavi & Tahmasebi, 2016). The corresponding
paradigm is based on the goal to obtain the best-fitted
model to a given set of data. Therefore, model
characteristics reported in the literature are values for
their thresholds, e.g. in case of deterministic models, or
coefficients, e.g. for a logistic function.
Given the huge variability in data sources and modelling
approaches, it comes without surprise that in recent years,
there are several researchers demanding a sort of
standardization or classification. These approaches
include
 an ontology for the classification of input data,
(Mahdavi & Taheri, 2017),
 methods to implement a variety of occupant behaviour
models into building performance simulation software
(Gunay, O’Brien, & Beausoleil-Morrison, 2016;
Hong, D’Oca, Turner, & Taylor-Lange, 2015),
 or the fit-for-purpose approach questioning the right
model to be used and the consequences of such choice
for a specific simulation task (Gaetani, Hoes, &
Hensen, 2016; Mahdavi & Tahmasebi, 2016;
Tahmasebi & Mahdavi, 2016).
However, all of these approaches are related to the input
side of a simulation problem. The characteristics
presented in scientific literature described above do not
necessarily convey the properties of a model related to its
outcome – e.g. the mean behaviour or the variance in
behavioural actions. The authors of this paper argue that
the latter would be meaningful and easier to be understood
for those who should apply occupant behaviour models,
i.e. building simulation engineers, less trained in
statistical
measures.
Therefore,
an
increased
comprehensibility of the behaviour of a given occupant
behaviour model is regarded as a prerequisite for a more
widespread application of existing knowledge from
research to the practice of building performance
simulation for the design and operation of buildings. As
O’Brien et al. (2016) concluded from a survey among
practitioners, “… most participants cited lack of time or
understanding as their primary reason for not delving
deeply into occupant modelling”.
In this context, Gunay et al. (2016) presented a first
approach to compare the predictions of a variety of
occupant behaviour models in terms of behavioural
characteristics as well as energy use variations. Recently,
Chen et al. (2017) presented a visualisation approach to
show occupants’ movements and behaviour. Ouf et al.
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(2018) describe a method to generate schedules based on
stochastic models for lighting usage. In the first two
papers, only one specific building model was used and in
all of them only one specific climate was assessed to
describe the behaviour of one (Ouf et al.) or several
occupant behaviour models.
Given the huge variety of contextual influences related to
building type and climate, another important question is,
how sensitive occupant behaviour models are to
variations in building characteristics and climatic
differences?
The objectives of this paper are therefore a) to establish a
methodology to describe and compare the behaviour of
occupant behaviour models in distinct contexts and b) to
visualize such behaviour in a manner understandable for
simulation practitioners and architects who are not
educated in statistical methods. That is, the paper focuses
on metrics that are familiar to practitioners rather than
intangible model coefficients that cannot be directly
interpreted by non-experts.

Methods
In general, the method applied can be considered as an
extension of a previous approach in scientific literature
comparing the behaviour of occupant behaviour models
(Gunay, O’Brien, & Beausoleil-Morrison, 2016). In short,
a variety of occupant behaviour models is implemented
into EnergyPlus V8-5-0 through the energy management
system (EMS). The focus here will be on window opening
models, but other types of behaviour can be assessed
through a similar approach (see also discussion section).
In the following text, differences and extensions to the
previous approach are described.
Measures for model behaviour comparison
Three measures for the comparison of occupant behaviour
models’ behaviour are presented and discussed:
 length of usage: over a yearly simulation period, what
is the absolute length of open windows?
 number of actions: over a yearly simulation period,
what is the total number of window opening actions?
 typical behavioural patterns: for a given day of the
week and season, how would a typical schedule look
like?
Building model
Four building models were used for this first
implementation; all of them are based on ASHRAE
Standard 140-2014 test cases (ASHRAE, 2014). These
cases are used to analyse the performance of building
energy performance software to model building thermal
envelope and fabric loads.
For this study, the following test cases were used:
 Case 600 – Base Case Low Mass Building, which is
the basic test building of lightweight construction with
a rectangular single zone (8 m wide x 6 m long x 2.7
m high) with no interior partitions and 12 m² of
windows on the south exposure.
 Case 900 – Base Case High Mass Building, which
consists of the same building model as case 600 except

that the wall and floor construction are of heavyweight
construction.
 Two versions of Case 600 and Case 900 with adjusted
window-to-wall ratios (see Table 1)
Table 1: The four building models used for this analysis.
Case

Basis

1

Case
600
Case
600
Case
900
Case
900

2
3
4

Thermal
mass
Low
Low
High
High

Window-Wall-Ratio
55% (as in ASHRAE 140)
33% (sill height changed from
0.2m to 1m)
55% (as in ASHRAE 140)
33% (sill height changed from
0.2m to 1m)

For all cases, occupancy (4 persons) with ASHRAE 90.1
Occupancy – Office schedule, heating set point (20°C for
24 hrs), no air-conditioning available, openable window
area of 0.02 m², and venetian blind activation above 400
W/m² of solar radiation were the same for all simulation
runs.
Climatic context
In order to analyse the effect of variations in outdoor
conditions, the two weather data files described in Table
2 have been used.
Table 2: Weather data files used for this analysis.
Description

DRYCOLDTMY.epw
ASHRAE 140
standard file
Denver-Stapleton, CO,
USA
39.76 N
104.86 W

CZ15RV2.epw
California Climate
Zone 15

Reference
Brawley, CA, USA
city
Latitude
32.95 N
Longitude
115.55 W
Elevation
1609
0
[m]
KoeppenBsk (Cold semi-arid
BWh (Hot desert
Geiger
climate)
climate)
classa)
a) According to Kottek and Rubel (2018)

Occupant behaviour models analysed
The focus was first on window opening models as these
present the type of behaviour having been analysed and
published most. The following models were included for
the analysis presented in this paper:
 WinHaBern: Haldi and Robinson (2008) – Bernoulli
process based on outdoor temperature as single
predictor
 WinHaMarkov: Haldi and Robinson (2009) – Markov
chain model distinguishing between arrival events,
departure events and periods with continuous
occupation
 WinRijal: Rijal et al. (2008) – Adaptive comfort
driven behavioural model using EnergyPlus PMV
node assuming a clothing level of 1.0 for winter and
0.5 for summer periods
 WinAndersen: Andersen et al. (2013) – Markov chain
based on residential data, including distinct
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Figure 1. Mean and standard error of absolute length of opening duration.
required for the model by Andersen et al. (2013) for the
weather data used and added these automatically as an
EMS “program” to the idf file.
Each combination of building model (4 types), weather
data file (2 types), and OB model (4 types) was run 25
times, leading to a total number of 4×2×4×25 = 800
simulation runs.
Input parameters
The EnergyPlus output was then analysed using the
Outdoor temperature
software R in order to obtain for a) each simulation run
Indoor temperature
the characteristics described above and b) calculate mean
Outdoor temperature
and standard error for the 25 simulation runs of each
Rain event
combination of building model (4 types), weather data file
Predicted mean vote
(2 types), and OB model (4 types).
Indoor temperature

coefficients for different times of the day and
including CO2-concentration and solar hours of the
day as variables.
Table 3 summarizes the input parameters of the four
models.
Table 3: Input parameters of OB models..
WinHaBern
WinHaMarkov

WinRijal

WinAndersen

Outdoor temperature
Time of day
CO2 concentration indoors
Indoor temperature
Outdoor temperature
Solar hours per day
Relative humidity indoors

It should be noted that for all models except
WinHaMarkov, which includes the departure event,
windows are closed, when occupancy is 0.
Simulation set-up and procedure
The simulations were started through an R-script, i.e.
from the software R using dos-commands (R
Development Core Team, 2012). The R-script changed
the window model name in
the section
ProgramCallingManager before each simulation. In
addition, the R-script calculated the daily solar hours –

Results
The outcome of the EnergyPlus simulations are presented
in the following subsections according to the three
measures applied.
Total length of opening duration
Figure 1 shows mean and standard error of the total length
of opening duration for each combination of building
model, weather data file, and OB model. The biggest
differences are due to differences in weather data files,
which is logical due to the dependence of the behaviour
modelled based on thermal indoor and outdoor
conditions. Based on Figure 1, each model’s behaviour
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Figure 2. Mean and standard error of number of window openings.
with respect to the resulting length can be assessed
Typical schedules
straightforwardly. All four window opening models react
Figure 3 presents the mean opening fraction for each hour
to changes in climatic conditions leading to a longer
of a weekday for each model for a typical summer and
window opening duration for the warmer Californian
winter week. The start and end dates for these weeks are
climate. However, the relative change from cold to warm
taken from the .stats files provided with the weather files.
climate differs, with the Andersen model showing the
This way of presentation clearly conveys the differences
smallest difference in window opening duration and the
in the models’ behaviour. As presented above, the
Rijal model the largest differences. In addition, there is
models’ behaviour varies with the weather conditions –
hardly any effect of the building characteristics on the
visible by the seasonal differences and differences in the
model output – the occupant behaviour model selection
average schedules between the two weather data files.
would impact the outcome more than the building model
A second observation is related to the nighttime behaviour
selection.
of the models. In principle, one would expect the window
Number of actions
state at 00:00 and 24:00 be the same value. However,
Figure 2 shows mean and standard error of the number of
several models end the day with a higher percentage of
opening and closing actions for each combination of
windows compared to the morning. This shows that it is
building model, weather data file, and OB model.
important to consider the conditions at midnight in the
As found for the length of opening duration, weather data
implementation of the model, because results are sensitive
differences and the type of OB model have the strongest
to assumed conditions at midnight.
effect on the number of actions. The highest number of
Discussion
actions are related to the Bernoulli model (WinHaBern).
The procedure described above is meant to be carried out
Given observations in field studies suggesting a much
once by a researcher (preferably the author of the model)
lower number of interactions by occupants, the high
for an existing or new occupant behaviour model. The
number of actions in the simulation suggests that
results should then be published alongside with classical
Bernoulli models are not suitable to model the number of
model parameters such as coefficients and statistical
actions.
measures. In the future, this could be done by means of an
The highest variance due to the building type – here
(online) testbed, where researchers can input their model
especially the thermal mass of the building – is present in
parameters, which will be added together with the
the WinRijal model, which accounts for thermal
model’s characteristics into a growing database of
perception.
existing models and their characteristics.
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Figure 3. Variations in typical weekday schedules for summer and winter depending on building type,
weather data file and occupant behaviour model.
Within this paper, the procedure is applied to window
and assumptions without the need of knowledge regarding
opening models. The authors acknowledge, that the
statistical validation methods.
characteristics to visualize the models’ behaviour such as
The procedure presented here can also serve for a sort of
length of usage, cannot be applied to other behaviours,
commissioning procedure for the implementation of OB
e.g. thermostat set points. At the same time, the procedure
models into building energy performance software. As
can be applied to these types of behaviour when changing
mentioned in the context of the average schedules above,
the characteristics e.g. towards the mean set point
the visualization of average schedules of typical weeks
temperature, or the number of set point changes, or the
can reveal problems with the implementation such as
range of set points chosen. Similar thoughts can be done
conflicts in the nighttime behaviour.
for blind usage models, timer settings, or even occupancy
In addition, the parameters presented here can be used to
models.
compare available data from a given context with the
It should be noted that the procedure described here is not
behaviour of OB models for a similar context in order to
meant for the validation of occupant behaviour models.
choose the most suitable model for the given context
Besides that there are hardly any validation approaches on
without the need to analyse the data statistically or to
external data (Haldi, Robinson, Pröglhöf, & Mahdavi,
develop an OB model. As an example, Figure 2 presents
2010; Schweiker, Haldi, Shukuya, & Robinson, 2012) and
the number of interactions predicted by different models.
that more validation efforts are required, this is a
Such value could be compared to existing event data of
completely different approach than the one described
window opening and closing actions.
here. The validation of models needs to be performed in
In case, no data of the given context exists, the question
comparison to data from existing buildings in order to
is, which model to choose? The decision may depend on
evaluate how well a new or existing model predicts the
the purpose of simulation, whether this is a) predicting
observed behaviour. The approach presented here serves
absolute energy consumption of a building accurately, b)
the comparison of models’ behaviour independent of the
predicting a potential range of the energy consumption
concern, whether a model predicts correct behaviour for a
depending on the occupants’ behaviour, or c) analysing
specific case study. The application of this approach is
the impact of design and operating decisions on
intended for the communication between simulation
occupants’ behaviour and the resulting energy
engineer, engineer, architect, and/or client, in order to
consumption, which can then be used to improve design.
visualize the behaviour of one or more models chosen for
Therefore, there is no general answer to this question and
the given simulation task. This communication can be
it is not possible at this stage to draft a decision tree for
facilitated either by a) showing some basic characteristics
model selection. The rational presented here is that the
of the models behaviour, e.g. higher window opening
first step is the visualization of the models’ behaviour
probability compared to other model, or b) comparing the
under a given or a variety of distinct contexts. Based on
resulting schedules with simplified analysis of existing
the purpose of simulation, the model selection can then be
data, textual descriptions of clients, or own observations
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based e.g. on the model being the most robust related to
changes in building characteristics or climatic conditions
or vice versa: the model showing the highest variability.
For accurateness, validation methods would be more
appropriate. For variance, this method can be used to find
those models related to the most extremes in their
behaviour for a given context. The same applies for the
last purpose – using simulation to support design
decisions, which the authors consider as the most
important application. Using this method, the model can
be chosen, which shows the lowest robustness against
changes in the building type.
However, most models presented here, do not show large
variations due to the building characteristics, suitable for
design decisions. The reason can only be speculated
without further studies. The small difference between
building types can occur for two reasons. On the one hand,
one might speculate that the occupants’ behaviour is
hardly affected by the building type or that the variations
chosen for this study are not extreme enough. On the other
hand, essential factors related to the type of building
which affect the occupants’ behaviour might not be
covered in the existing models, so that there is no effect
observable in the models’ output.
Despite its potentials, there are several limitations of this
method as presented in this paper.
The number of measures to compare the model behaviour
is limited to three due to space reasons. Once the
simulation procedure and cases of interest are defined,
type and number of measures, can be extended. Measures
to be looked at in future applications could be among
others seasonal variations in the length of usage or
number of actions, or measures related to the resulting
impact on energy use.
The number of simulation runs (25) used here is feasible
for the models tested for this paper. Once adding models
aiming at showing the diversity of occupants’ behaviour
(Gunay, Tahmasebi, & Mahdavi, 2017; Haldi et al., 2016;
Schweiker & Wagner, 2018), such number will likely be
too small.
Related to the type of models, the approach using the
EMS feature of EnergyPlus is limited to rather simple OB
models such as those presented here based on logistic
regressions or Markov chains. More complex methods
would require a co-simulation approach.
Last, a more comprehensive answer to the question
whether this approach is supporting practicing engineers,
architects and clients in their discussion of occupant
behaviour models for simulation purposes can only be
obtained when discussing it with practitioners – this
would be beyond the scope of this paper and preferably
done by means of workshops or surveys.

Conclusion
The procedure described in this paper allows the
characterization and comparison of a variety of occupant
behaviour models. The widespread use of such
characterization would allow to

a)
compare the characteristics of behaviour patterns
found in one’s own data to those of a given model and to
choose a corresponding model without having to go
through all required steps to formulate a model on its own
b)
analyse influencing factors (e.g. type of system,
geographic/climatic context) on different characteristics
of a model (e.g. length of usage) without the need for a
unified modelling approach, and
c)
enhance communication between energy
simulationist, engineer, architect, and client by means of
model representations suitable fo non-expert human
interpretation.
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Abstract
Building simulation allows to understand on a very
precise manner the way in which the energy flows are
occurring within a building. This, apart from being
necessary to evaluate the energy performance, offers the
possibility of tackling several aspects of the building
operation. In most buildings, occupants are capable of
modifying operation parameters such as switching off the
lights, or changing the set point temperatures. A poor
selection of these operational parameters may lead to a
larger energy consumption that one may expect. Although
some buildings have amperimetric clamps and other
sensors that can inform about energy consumption, it is
practically impossible to measure all the energy flows that
can be given by a model. Making use of this, a building
has been modelled and calibrated, to get an informative
model that was then used for evaluating the potential of
energy behaviour interventions in demand reduction. The
work has used more than 200 sensors to ensure that the
results were close to those in reality, and the model has
been seen to represent the demands accurately. The
savings obtained have been seen to be substantial,
especially for winter where a poor mental model of
occupants is making them select set point temperatures
that are too high, even affecting negatively their comfort.

Introduction
Buildings are responsible for around 40% of the energy
demand in developed countries (Pérez-Lombard, Ortiz, &
Pout, 2008). However, society has a great opportunity on
reducing the emissions coming from that demand, as the
sector has been seen to have a great potential of energy
savings (Schnieders & Hermelink, 2006). The scientific
literature suggests that savings in energy of 20% can be
achieved if interventions to change behaviour are carried
out in buildings (Hargreaves, Nye, & Burgess, 2010). The
latest research has shown that when these behaviouralchange interventions are based in feedback to users that is
in real time in a personalised fashion the savings are
higher than when providing general feedback (Mogles, et
al., 2017).
The new paradigm of IoT in buildings opens the
opportunity to use sensors that are already installed in
buildings or which marginal cost is rather low, to create a
framework capable of delivering personalised real time

feedback aimed to tackle the behaviours that represent the
largest energy waste (Stankovic, 2014).
This has been done in project ENTROPY, resulting a
framework that uses an IoT platform as the core to
administer the data, create the logic that detects energy
waste, elaborate messages (that are personal and
scheduled), and deliver the information via created-forpurpose mobile apps. This paper shows the details about
the framework and evaluates the performance of the
activities carried out within it. The main objective of this
project as part of the umbrella goals of the European
Society is the reduction of energy use in building to
eventually reduce Carbon emissions from buildings.
This work has been, to the knowledge of the authors,
successful as it has proven that saving energy via
intelligent feedback to building users is possible. The
provided functional platform and a set of mobile phone
applications could be a market product in the near future,
specially directed to both public and private office
buildings. These solutions have been seen to our
perception to almost reach commercial maturity, and to
provide added value to the European society because of
the innovation they represent, and because of their
effectiveness on saving energy.

Methodology
The building
The pilot building hosts the Faculty of Chemistry of the
University of Murcia and it has already been used for
energy consumption prediction experiments and smart
city scenarios (González-Vidal, Ramallo-González,
Terroso-Sáenz, & Skarmeta, 2017) (Moreno, et al., 2017).
Due to the nature of the faculty, the use of the building is
very diverse. Among its uses one can find: lecturing,
experimentation in labs, office use and storage.

Figure 1: Bird view of the building from the West.
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The faculty has provided ENTROPY's team with a rather
complete set blue prints of the building, what has
facilitated the construction of an EnergyPlus model that
contains all the zones of the building. However, it should
be mentioned that other non-visible aspects of the
building were not know and had to be chosen using
national and international statistics.
The building is oriented to the South East. There is a
nearby building in front of the South-East facade, that has
been taken into consideration for projected shadows. The
construction seems to be solid wall on a concrete
structure. All windows are single glazing sliding windows
with poor sealing. The frame of the windows is
aluminium and it is seven centimetres wide in all parts of
the frame, almost all situated on the inner part of the
40cm-thick walls, except for the windows on the sawshaped facade (see Figure 2).
The building is being monitored with the following:
- One electrical networks analyser at the building level,
- 230 Temperature sensors in selected zones,
- 230 Thermostat temperatures in selected zones,
- One external temperature sensor near the building site,
- One solar radiation sensor near the building site.
The gains of the building were difficult to calculate. With
a building of such dimensions it would have been close to
impossible to identify by inspection every electric
equipment, also, some of the areas were restricted. To
overcome this problem, the data available from the
building level power meter was used to infer the
electricity consumption. A further description on this will
be given in following sections.
The total area of the building was 18250.9 m2 as
simulated. This area is shared between five floors
containing each one up to four different zones. The zones
represent areas of the building containing several rooms.
The model has a total of thirteen thermal zones, 345
surfaces (walls) and 683 windows. Internal thermal mass
has been added to the model to ensure that the partitions
separating rooms are represented in the thermodynamic
equations.

Figure 2: Detailed photo of the saw-shaped facade.

For the creation of the thermal model EnergyPlus was
used. Due to the complexity and size of the building at
hand, a mathematical software (Octave) was used to
generate the geometry. With this approach, it was possible
to create a parametric model, allowing to do further
investigation of "what if" scenarios also in the geometry
of the model. This allows to compare soft energy
efficiency measurements (as the one on ENTROPY) with
"hard" energy efficiency measurement such as changing
windows, placing overhangs and so forth.
A representation of the geometry of the First floor of the
building generated with Octave can be seen in Figure 3.

Figure 3: Detail of the parametric geometry generated
with the mathematical software Octave.
One of the most significant characteristics of the building
are its Venetian blinds on the windows of the South-East
and South-West facades. A schematic representation of
the parameters for blinds in EnergyPlus have been shown
in Figure 4.
This type of blinds is highly effective to stop direct and
most diffuse solar radiation and therefore reduce the
cooling demand of the building in summer, and maximise
the solar gains in winter and reduce the cooling demand.
For this to occur, seasonal or even weekly management of
the blinds has to be done. A quick visual inspection of the
building is enough to verify that the slats are not oriented
consistently, what suggests that not all of them are being
optimally controlled. On the model we have selected a
slat angle of 90 degrees.
To illustrate the effect of the vertical slats, an example has
been created in which a box-like house has been modelled
with two windows: One of the windows has no slats and
the other one has vertical slats as the ones in the building
of the Faculty of Chemistry. The result of this test can be
seen on Figure 5.
As mentioned before the blinds on the model described in
this document has been assigned the angle of 90 degrees
as no consistency has been seen on those of the building
under study.
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Figure 4: Output of the heat gain of a window with
Venetian blinds and its counterpart without them.
With respect to the conditioning system of the building,
several units are present and functioning at the same time.
The building is equipped with boilers that help heating up
the air of the main ventilation system;
but in addition to that, Variable Refrigerant Flow (VRF)
units are installed in all premises of the building to
provide cooling.
The data from these VFR units is remotely accessible and
it has been the main source of information for the
modelling of the operation of the building.

IoT infrastructure
The IoT platform used in this work is described in detail
on (Terroso-Saenz, González Vidal, P. RamalloGonzález, & F. Skarmeta, 2017), and similar to that
shown in (Rodríguez-Rodríguez, González Vidal,
Ramallo González, & Zamora, 2018) but an overview is
presented here for contextualisation.
The core of this architecture is based on the FIWARE
platform, a key initiative of the Future Internet PublicPrivate Partnership (PPP) to create a well-aligned set of

Sinusoidal fitting

Figure 5: 2D histogram of the internal temperatures in
the building.
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open enablers to receive, process, contextualize and
publish IoT data from and for smart cities including from
city-wide information to dwelling specific data.
The sensorisation layer is in charge of connecting
physical devices or actuators that are going to provide
data to the platform. Once this is done, it maps the
collected data to the NGSI entities of the information
model and sends the mapped information to the upper
homogenization and storage layer. For the realization of
this sensorisation layer, we have made use of the
FIWARE IoT Agent enabler (FIWARE 2018a). In a
nutshell, this enabler allows to automatically perform the
aforementioned data mapping. Different types of this
enabler support transport protocols to connect to the
physical devices like MQTT or Lightweight M2M. More
specifically, the connexion of the A/C machines was done
via a Modbus-Master. Each one of the cards inside the
machine is connected to the master using a RS-485 and
communicates using the protocol Modbus-RTU. The
communication cards have a Modbus/RS-485 interface in
which they are considered slave nodes. A unique direction
has been assigned to each one of them. In addition, the
units have an TCC-LINK interface to connect to the
internal bus of the machine.
Intervention
The aim of an energy intervention is to develop an
effective campaign that will reduce the energy
consumption of the building via the adoption of more
efficient habits by the building users.
A platform to provide feedback was created that is
capable to communicated to the user via mobile apps.
Captures of some of the applications created can be seen
in Figure 6

Thermostat temperatures
The internal temperature that a conditioning system has to
maintain on a building is one of the single user-controlled
parameters that have the largest effect on energy
consumption. It is for this reason that thermostat
temperature has been one of the target behaviours for the
energy intervention of ENTROPY. The thermostat
temperature of the year 2016 has been used to identify the
values that are used before the intervention. This can be
seen in Figure 7.

Figure 7: Information obtained from set point
(thermostat) temperatures of 230 independent devices.
The thermostat temperature has been found to be
inadequate in many cases, in summer and in winter. This
proves that the energy consumption could be reduced
substantially if a change on this behaviour is done.
Although this will be analysed in detail with the
EnergyPlus model, it should also be mentioned here that
a modified thermostat temperature time series has been
created via the modification of temperatures that were
seen inadequate to the upper or lower band (in winter and
summer respectively) of the acceptable band i.e. 24
degrees in Winter and 23 degrees in Summer. Those
temperature values that were below 24 in Winter or above
23 in Summer were not modified.
The two profiles that were used in EnergyPlus to analyse
the change on thermostat behaviour can be seen on Figure
7. Their formulae are:
Tset current = 24.91 -1.01*cos(2*pi/365*(t+19.38));
(1)
Tset mod. = 24.12 -0.339*cos(2*pi/365*(t+210.7));

Figure 6: Screenshots of two of the apps developed in
the project to provide feedback.
It is for this reason that it is crucial for this work to model
the effect of occupants in this model properly. Only in this
way, it will be possible to evaluate accurately the effect
that changes on behaviour have over global consumption.

(2)
where tis the time in days. These formulae are the result
of adjusting the real data of thermostat values over the
year (red in Fig.8, Eq. 1) and the curve that will result
when fitting the data once the set point temperatures that
are out of the comfort range, and represent energy waste
are corrected (blue in Fig.8, Eq. 2). It was interesting to
see how the change on behaviour flips the shape of the
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curve to be concave on the summer, as one should expect
considering the current theories of adaptive comfort.
Internal Temperatures
Although we had the thermostat values, we have also
carried out a study on internal temperatures as the set
point temperatures are not necessarily achieved on a real
conditioning system. This has been proven after
reevaluating the temperatures. One can see in Figure 6
that the internal temperatures found in the building do not
resemble those of the set points. Nevertheless, we can still
see that some change of behaviour would be beneficial.
See for example rooms at 21 degrees in Summer. The
machines that are monitoring the temperature are not
capable to read temperatures below (and including) 19.5
or above (and including) 29 degrees. It is for this reason
that we have to make an extrapolation of the values found
to understand the real internal temperatures found in the
building.
To start with, we fitted a sinusoidal curve to the data that
was available, using the results of the histogram. We
decided to use a sinusoidal curve, as the temperature
inside the building has to be cyclic and being this a
response partly of the outside temperature it makes sense
to be of the same shape. We used an optimisation
algorithm to fit the amplitude and the phase of the curve
using the data available (see Figure 1). From that, we
obtained the following formula:
Tin (t) = p1 + p2*cos(2*pi/365*(x+p3)).
P1 = 24.31; p2 = -3.906; p3 = 211.50;
(3)
The most important aspect of this simulation was to
evaluate how the change on the temperatures that are
considered inadequate will result on a reduction of energy
use. It is for this reason that the average internal
temperature of the building was not enough. To calculate
the dispersion of internal temperatures in the different
rooms, we studied the standard deviation of the slices of

the histogram shown in Figure 6. The following table
shows the results of adjusting normal distributions to the
slices of the two dimensional histogram. Due to the
limited range of the readings some of the slices were
incomplete, on those cases, the values were not
considered on the fitting.
Table 1: Profiles calculations.
Slice 1
Slice 2
Slice 3
Slice 4
Slice 5
Slice 6
Slice 7
Slice 8
Slice 9
Slice 10

Mean
21.87
21.60
23.11
23.52
26.35
27.18
26.93
27.15
34.51
40.65

Sigma
2.021
1.985
1.59
2.064
1.47
2.23
3.274
3.374
5.65
9.204

Min Obj
3.24e6
3.016e6
1.75e6
2.777e6
1.37e7
4.49e6
1.492e6
1.205e6
3.084e5
1.44e5

After obtaining the standard deviation of the internal
temperatures in each one of the slices of the histogram,
we took the median as the true value of dispersion of
internal temperature inside the building. Its value was 2.1
degree C. With the median and the average internal
temperature shown in Eq1, we were able to generate a
synthetic internal temperature for the whole year. This
served as input for EnergyPlus.
Infiltration and ventilation
Infiltration and ventilation are also big contributors to
energy bills. Although infiltration cannot be controlled by
the building users (window cracks, poor doors, etc.)
ventilation can be controlled by opening and closing
windows. The building at hand has all the windows
openable, and a percentage close to 40% can be opened in
each one of them. Leaving windows open while the
heating or the cooling is on can result on a great deal of

Figure 8: Rendering of the geometry of the EnergyPlus
model.
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Figure 9: Profiles representations.
energy waste. This was also studied on the model. After
the examination of the building we selected a rate of air
renewal of 1 ach.
Other gains
Solar gains are automatically computed in the simulator,
but electrical and metabolic gains have to be included in
the input file. After evaluation of the electricity data

gathered for the period of a year we concluded that the
gains should be 2W/m2 in the case of lighting, 4 W/m2 in
the case of other electrical appliances and that the
metabolic gains will correspond to 0.05 person/m2.
Simulation
The simulation was performed over the building with the
geometry generated after its inspection and using the
gains and other inputs that have been described before.

Figure 10. Results from the EnergyPlus model using the
current status and operation of the building.
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The final model was rendered and is shown in Figure 9.
The first simulation was done using all the inputs known
from the building and its operation, trying to replicate the
current situation. As there were values that were not
know, fine running of the model was carried on to ensure
that the outputs were as close as possible to the real data.
After obtaining this baseline, different scenarios were
evaluated. Due to the large size of the model, and the large
number of elements on it, each one of the simulations took
a substantial amount of time, averaging around 32
minutes. Without extra tuning, and using the parameters
expected for a building of this kind and this age, the
results were promising. The results of the simulation for
the baseline can be seen in Figure 9.
After this, we have performed a series of simulations that
provide with the energy consumption that would be
expected for the interventions. The results of these can be
seen on Table 1. The evaluation was done considering that
the heating set points were all moved to 21 degrees and
not higher and that the cooling set points were set to 24
and not lower. Previous calculations were done to see the
effect of making all heating set points not higher than 24,
but the difference was not perceivable.
Table 2: Energy Demands.
Data in
MWh
Real
Baseline
Modified
Behaviour
Savings %

Heating

Cooling

has shown that the electricity used in the building is
substantial. It would be beneficial to promote the adoption
of low-energy appliances and other devices and to ensure
that the number of parasitic loads connected to the
electrical circuit is minimal.
Overall we have seen that the change on behaviour can
have a substantial effect on the energy consumption on
the building that has been studied. The change on the
thermostat values has been seen to be always positive and
to have a substantial effect, producing savings on heating
of 41% and on cooling of 8%. As the overall electric load
of the building is substantial, it is also recommended to
lower the parasitic loads to have an even greater effect on
the reduction of energy use.

Lights

n/a
42.4
25.02

n/a
85.6
78.49

n/a
149.5
149.5

41%

8.3%

0%

We saw from the simulation that an effective change on
all behaviours would lead to a saving in the heating
demands of 41% and a saving on cooling of 8.3%. It is
therefore clear that there is a great opportunity for
reducing energy use by a change on behaviour, especially
in winter.
Table 3: Energy Demands.
Data in
MWh
Real
Baseline
Modified
Behaviour

Op. Loads
n/a
199.3
199.3

Residual
Loads
n/a
351.8
351.8

Total
720
828
804

Conclusions
The results of the model show that the modification of the
behaviour of the building users can have a significant
impact on the energy use of the building. The effect that
changing the thermostat temperature has had was similar
to that of changing the windows of the whole building
although the former has very small cost compared to the
later. Also, this model served to identify the gains of the
model and to estimate the savings that could be achieved
by the reduction of them in Summer. This could be done
via the installation of overhangs or by the reduction of
electrical gains using high efficiency devices. The study

Figure 11:The model allowed to perform an
approximate disaggregation of the demands what was
key for designing the intervention.
The work here presented is a detailed study on how using
publically available software one can calculate on a rather
accurate way the savings that one may expect when
performing an intervention to reduce energy use. It has
been seen that although there is a great deal of
uncertainties with respect to building characteristics, one
can get a model that is rather accurate in parameters that
affect the thermal comfort such as internal temperature,
and also in parameters that are relevant for the total energy
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consumption i.e. electricity use for heating, cooling, lights
and devices.
It has been seen in this work that it is highly relevant to
have proxies of the energy behaviour that is happening in
the building prior intervention. In our case, PIR sensors
for presence and accurate internal temperature
measurements to identify set point preferences have been
key information to have a good impression of the use of
the building. In the absence of these, the figures of the
potential savings could have been misleading as we have
identified that the energy consumption was rather
different that one may expect from design (in accordance
with the literature about the performance gap).
Overall, we have considered this work highly relevant for
the community that aims at performing behavioural
interventions to reduce energy use. This is an option that
is becoming more and more popular with the
popularisation of the Internet of Things and the new
European directive that suggest that buildings should be
Smart Ready. With smart meters and sensors already in
place in building, these interventions will have a cost that
can be considered negligible, but yet the savings can be as
high as some of the hard interventions that one can do in
a building.
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Abstract
Stochastic person-based activity models play an
important role in the prediction of the realistic time-series
energy demand for residential buildings. These models
generally use input parameters developed based on timeuse data. This paper evaluates how the adopted data
preparation approach alters the variability in simulated
activities among households. Four simulation cases were
developed in the study, representing 1) clustering, 2)
regression and 3) integrated approaches combining the
first two. A comparison of the results indicates the
integrated approach to be the most advantageous. Finally,
a strategy to enhance heterogeneity in the simulated
household activity for residential energy demand
modelling is discussed.

Introduction

Second approach:

…

TUD

Classified
TUD

Third approach:

Regression model

TUD
Fourth approach:

Regression model
…

TUD

Regression model
…

The modelling of occupant behaviour is increasingly
being understood as important for modelling the energy
demand of buildings. In the modelling of residential
energy demand, the stochastic person-based approach is
useful to predict realistic time-series energy demand. The
time-inhomogeneous Markov Chain Monte Carlo
technique is the most frequently used method to model the
occupancy and activity of building occupants (e.g.
Richardson et al. 2010, Widén et al. 2012). Wilke et al.
(2013) model activity as a sequence of discrete events
with a start time and duration. These models generally use
time-use data (TUD) collected from people who
submitted activity records, known as a time-use diary, in
which they describe their activity on survey days.
The model performance generally depends on the adopted
mathematical modelling algorithm as well as the data
used for modelling. This paper focuses especially on the
latter element, data preparation for activity modelling.
O’Brien et al. (2016) classified data preparation
approaches to address the heterogeneity in occupant
behaviour into the following four categories: 1) use of
sample distribution developed based on aggregated
sample data, 2) consideration of clusters in sample data,
3) development of model (typically regression model)
based on aggregated sample data, and 4) use of
hierarchical modelling. This issue has not been well
explored in the modelling of people’s activity.
In the stochastic person-based approach, the first category
is not very useful as TUD is a collection of data spanning
a period of a few days and collected from a large number

of people. Sequential time-use records are not available.
Approaches two to four, however, can be applied to
stochastic person-based modelling. Figure 1 illustrates the
application of these approaches. In the clustering
approach, TUD is first classified based on demographic
conditions or characteristics in time use described in the
data (e.g. the pattern of occupancy at home). Modelling
parameters are developed based on TUD classified in
each cluster. Household size is the most frequently used
factor to develop clusters (e.g. Richardson et al. 2010).
The most detailed classification in the literature is
reported by Yamaguchi et al. (2017), who categorised
TUD into 59 segments according to the major
demographic categories, i.e. age, gender, employment
status, and household composition. However, an increase
in the number of clusters may result in a paucity of TUD
for the development of modelling parameters (Wilke et al.
2013). In the third regression approach, the entire set of
TUD is used to develop regression models of modelling
parameters. For example, Wilke et al. (2013) developed
multinomial logistic (mlogit) models to quantify the
probability of starting activities considering twenty
demographic conditions, including occupants’ health, life
stage, and city scale. In the fourth hierarchical modelling
approach, the previous two approaches are combined.
After classifying TUD into several major segments,
regression models are developed for each TUD segment.
The benefit of this approach is that the difference in the
influence of predictor variables on modelling parameters
among TUD segments can be considered. The application
of this approach has not been observed in the literature.

Regression model

Figure 1: Application of the second, third, and fourth of
O’Brien’s approaches
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Based on the approaches outlined above, this paper
evaluates how the variability of time use among simulated
occupants changes when using the second, third, and
fourth approaches of O’Brien et al.’s classification. The
paper focuses on the probability of undertaking activities
as the prepared modelling parameter that is given to
simulated individuals considering their demographic
conditions.
In the remainder of the paper, the method of evaluation,
the model, and the TUD used in this study are presented
first. Then, evaluation results are presented, followed by
a discussion of the data preparation method considering
the heterogeneity of occupant behaviour in stochastic
person-based modelling.

Method
This paper evaluates the variability of the activity
undertaking probability (AUP – the probability of a
particular activity being undertaken at a particular time of
day) as a modelling parameter of a stochastic personbased occupant behaviour model. Examples of models
that use AUP as a modelling parameter include
Richardson et al. (2010), Tanimoto et al. (2008), and
Yamaguchi et al. (2017).
We designed four simulation cases for data preparation
(Table 1) corresponding to approaches two to four of
O’Brien’s classification. Following an explanation of the
TUD used in this study, details of each case and the
method to quantify the AUP are explained.
Table 1: Four simulation cases
Cases

Description

Case 1

Classifying TUD for six segments using the basic
demographic conditions listed in Table 2
Classifying TUD for 59 segments using the
detailed demographic conditions listed in Table 3
Developing a regression model based on the full
set of TUD
Classifying TUD for six segments by basic
demographic conditions and developing
regression models for each segment

Case 2
Case 3
Case 4

Data
This study used TUD collected by the 2000 and 2005
Japanese time-use surveys (SBJ 2006). This survey
incorporates both TUD and data on the demographic
conditions of the survey participants. From the two survey
formats available in the TUD, we selected the freeresponse format data, in which the respondents freely
described the activities they undertook during the
investigation period. We only used TUD surveyed on
weekdays so as to focus on the influence of demographic
conditions. The number of weekday samples was
approximately 7,500. Eighty-five activity types were
encoded from the activities described by respondents. In
order to simplify the activity types, we reorganized into
sixty-two activities. Fifty-nine home (in-home) activities
and three away (external) activities for work, school, and
other tasks were considered. To develop modelling
parameters, the original 15-minute-interval TUD was
aggregated into 1-hour-interval data by incorporating

TUD from each quarter hour recorded in the TUD for that
hour (e.g., 0:00, 0:15, 0:30, and 0:45 for the 0:00
category).
Case 1: Classification by the major demographic
segments
The first and second cases are based on the clustering
approach. Demographic conditions and day types
(weekdays or holidays) generally have a significant
influence on how people use their time. In this study we
considered age, gender, and employment/school status as
the basic factors that characterise time use. In Case 1, we
developed the modelling parameter by dividing the TUD
into six clusters formed according to age, gender, and
employment/school status, as listed in Table 2.
AUP was calculated by Nact,t / Nall, where Nact,t is the
number of survey participants who conducted the target
activity and Nall is the total number of survey participants.
Table 2: Classification and its definition in Case 1.
Classification
Student
Adult male
Employed female
Unemployed female
Senior male
Senior female

Definition
Students studying at a primary,
junior high, or high school, or
university/college
Male aged 20 to 59 who is not a
student
Female aged 20 to 59, who is not a
student, with a job
Female aged 20 to 59, who is not a
student, without a job
Male aged 60 or older
Female aged 60 or older

Case 2: Classification by detailed segments
In Case 2, AUP was quantified in the same manner as in
Case 1 but 59 demographic segments listed in Table 3
were considered. The segments mirrored those described
in Yamaguchi et al. (2017).
Table 3: Occupants’ attributes used to develop
demographic classifications in Case 2.
Attribute
Gender
Age
Occupation
Age
of
children
Living alone
Student
Working
time
for
employed
male
Working
time
for
employed
female

Condition
(1) Male, (2) Female
(1) Younger than 20, (2) 20 to 44, (3) 45 to
64, (4) 65 and older
(1) With paid work, (2) Without paid work
Children where the youngest is (1) preschool,
(2) primary- to high-school student, and (3)
aged 18 and older
(1) Living alone, (2) Living in a two-ormore-person household
(1) Primary school, (2) Junior high, (3) High
school, (4) University and college
(1) Full-time worker with morning and
afternoon shifts, (2) Long-shift worker with
longer working times than (1), (3) Worker
with afternoon and night shifts
(1) Full-time worker with morning and
afternoon shifts, (2) Long-shift worker with
longer working times than (1), (3) Worker
with afternoon and night shifts, (4) Morning
worker, and (5) Afternoon part-time worker
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Case 3: Regression approach
Case 3 is based on the third approach of O’Brien et al.’s
classification. Wilke et al.’s (2013) study, which models
activity-starting probability, can be classified under this
approach. The modelling parameter was quantified by
using the regression model shown in Equation (1),
developed based on the full TUD sample:
𝑛

𝑝𝑡
𝑙𝑛
= 𝛽0,𝑡 + ∑ 𝛽𝑖,𝑡 𝑥𝑖 ,
1 − 𝑝𝑡

(1)

𝑖=1

where pt is the AUP at time t, β0, t is the intercept at time
t, and β i,t is the partial regression coefficient of
explanatory variable xi at time t (t = 1~24). By assigning
predictor variables, pt can be quantified by Equation (2):
1
𝑝𝑡 =
.
(2)
1 + 𝑒𝑥𝑝{−(𝛽0,𝑡 + ∑𝑛𝑖=1 𝛽𝑖,𝑡 𝑥𝑖 )}
The predictor variables of the regression model are the
demographic conditions listed in Table 4. In addition to
the demographic conditions used in Case 2, various other
conditions were considered, such as ownership of the
house (owner or tenant), city size, household composition,
and nature of occupation. The stepwise selection of
predictors was conducted so that Akaike’s Information
Criterion (AIC) could be minimised in the regression
analysis.
Table 4: Predictor variables of the regression model
Index
Survey year
City size
Gender
School status
Employment
status
Homeownership
Age
Household
composition
Excision
preschool
Nature of
occupation

of

Variables
(1) 2001, (2) 2006*
(1) Urban area, (2) Non-urban area*
(1) Male*, (2) Female
(1) Primary school, (2) Secondary
school, (3) High school, (4) University,
(5) Non-education*
(1) Full-time worker*, (2) Part-time
worker, (3) Unemployed
(1) Owner*, (2) Tenant, (3) Other
(1) 10~19, (2) 20~29, (3) 30~44*, (4)
45~59, (5) 60~74, (6) 75 and older
(1) Couple without children, (2) Couple
with children*, (3) Couple with parents,
(4) 3 generations, (5) Single, (6) Other
(1) With a preschool child, (2) Without
preschool children*
(1) Professional and technical workers,
(2) Managers and officials, (3) Clerical
and related workers, (4) Sales workers,
(5) Protective service workers and
service workers, (6) Agricultural,
forestry and fishery workers, (7) Workers
in transportation and communicationrelated occupations, (8) Craftsmen, mine
workers, manufacturing and construction
workers, labourers*

A dummy variable related to the survey year was used as
a predictor variable to eliminate the influence of the
difference in the survey year. This research uses the
population density of a region to distinguish urban from
non-urban regions, with urban areas having a higher
population density than non-urban areas. It should be
noted that the variables marked with * in Table 4 were
used as reference demographic categories when the
regression models were developed.

Case 4: Integrated approach
Finally, Case 4, based on the fourth approach of O’Brien’s
classification, combines Cases 1 and 3. The modelling
parameter was quantified by regression models developed
for the same 6 segments of TUD as Case 1 (Table 2).
Table 5 shows the demographic reference conditions used
in the models for each segment.
Table 5: Reference demographic conditions for each
classification
Classification
Student
Adult male

Employed
female

Unemployed
female
Senior male
Senior
female

Reference demographic conditions
Male studying at a secondary school living
in a non-urban area
Male aged 30 to 44 with a full-time job
living in a household with children but
without preschool children. House owner
living in non-urban area. Artisan, mine
worker, or manufacturing or construction
worker
Female aged 30 to 44 with a full-time job
living in a household with children but
without preschool children. House owner
living in a non-urban area. Artisan, mine
worker, or manufacturing or construction
worker.
Female aged 30 to 44 without a job living in
a household with children but without
preschool children. Living in an owneroccupied house in a non-urban area.
Male aged 60 to 74 living in a couple
household and in an owner-occupied house.
Female aged 60 to 74 living in a couple
household and in an owner-occupied house.

Result of logistic regression analysis
This chapter describes the results of the regression
analyses conducted in Cases 3 and 4. Table 6 lists the
regression coefficient (RC) and odds ratio (OR)
quantified in the logistic regression analyses in Cases 3
and 4 for an AUP of sleeping at 11 pm. The displayed
results of Case 4 are those of the employed female
segment. The blank cells indicate that the variables were
recognised as insignificant by the stepwise method. For
Case 4, the variables that were not used in the
development of the regression models are indicated by
blank cells with a diagonal line.
The regression coefficients indicate how predictor
variables change the right side of Equation (1) for the
AUP of sleeping at 11 pm compared to the reference
condition. Therefore, the influence of each factor cannot
be simply compared between Cases 3 and 4. The odds
ratios indicate how the odds change with changes in the
corresponding predictor variables. The larger the
deviation from 1 in the value of the odds ratio, the more
significant an influence the predictor variables have on
AUP. The results of Case 3 indicate that senior people
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Table 6: Results of logistic regression analysis in Case 3 and Case 4 for AUP of sleeping at 11 pm in terms of
estimate and p-value.

Aged 10 to
19
Aged 20 to
29

0.92**
*
0.33**
*

Aged 45 to
59
Aged 60 to
74

0.88
0.92

-

-

0.87
0.81

-0.17**

0.84

-

-

-

-0.14*

0.87

0.65**
*

1.91

0.56**
*

1.75

1.55**
*

4.7

*** : <0.001, ** : <0.01, * : <0.05

aged 60 or older have a higher AUP. Students with a
higher level of schooling have a lower AUP than their
counterparts. People living alone have a lower AUP than
people from a household of two or more. People with
preschool children have a higher AUP than their
counterparts. People renting a home and living in an urban
area have a lower AUP. The displayed results of Case 4
are again those of the employed female segment, and
predictor variables with diagonal lines were not
considered in the regression. Comparing Cases 3 and 4,
the influence on AUP of the existence of preschool
children in Case 4 is larger than that in Case 3 that
includes the influence of both males and females. No
significant difference was observed between full-time and
part-time workers. The influence of age is weaker than in
Case 3. The influence of occupation is similar to its
impact in Case 3, except for workers in agricultural,
forestry, and fishery, and workers in transport and
communication industries - these exhibited a weaker
influence than in Case 3. These differences between Case
3 and Case 4 can be attributed to the consideration of six
demographic segments and to the fact that the influence
of the predictor variables differs between the different
demographic segments.
The developed models were validated by the HosmerLemeshow goodness-of-fit test (Helbe 2006). Figure 2
shows p-values estimated by the goodness-of-fit test for
the regression models developed for each time of day in
Cases 3 and 4, where the results for employed females are
shown in Case 4. The p-values smaller than 0.05 indicate
that the developed models differ significantly from the
original TUD. In Case 3, the p-values were smaller than

Case 4
RCs
0.41**
-

ORs
1.51
-

-0.37***

0.69

-0.42***

0.66

Others
With
preschool
children
Professional and
technical workers

-

-

-0.12*

0.88

0.38***

1.46

0.81***

2.25

-0.66***

0.52

-0.40***

0.67

Clerical
and
related workers

-0.49***

0.61

-0.48***

0.62

Sales workers

-0.62***

0.54

-0.67***

0.51

-0.57***

0.57

-0.53***

0.58

0.71***

2.03

0.50***

1.65

-0.51***

0.6

-1.23***

0.29

Others

-

-

-

-

Urban

-0.48***

0.62

-0.46***

0.63

0.65***

1.92

0.52***

1.68

Protective service
workers
and
service workers
Agricultural,
forestry,
and
fishery workers
Workers
in
transport
and
communication
industry

Occupation

0.4
0.72

ORs
0.84
1.39
1.1

City
size
(Intercept)

0.05 for six hours of the day. In Case 4 the p-value at
22:00 was smaller than 0.05. Figure 3 shows the number
of the hours of the day for which the p-values were larger
than 0.05 for the regression models for sleeping, working,
cooking, and TV/radio usage. In Case 4, the values were
quantified for the 6 demographic segments. Larger values
for Case 3 than Case 4 indicate that Case 4 performs better
than Case 3.
Case 3
1
0.8
0.6
0.4
0.2
0
0:00

4:00

Case 4 (Employed female)

8:00 12:00 16:00
Time of day

20:00

Figure 2: P-values of the goodness-of-fit test conducted
for the regression models developed in Cases 3 and 4
15
10

Sleeping
Cooking

Working
TV/Radio

5
0

Case4

Elderly
female

-

1.46

Case 3
RCs
-0.17***
0.33***
0.09**

Elderly
male

Age

Others

Household
composition

4.4

Variable
Couple
without
child
Couple with parent
Couple with 3
generations
Singles

Unemployed
female

Rent

Index

Employed
female

Housing
ownership

No work

0.13**
*
0.21**
*

ORs
1.07

Adult
male

-0.08*

Case 4
RCs
0.07

Students

Part-time

2001
Female
Primary
school
Secondary
school
High school

ORs
39.1

p-value

Employment
status

School
status

Variable

Frequency

University

Case 3
RCs
3.67**
*
1.48**
*
0.38**
*
-0.13

Index
Survey
Year
Gender

Case3

Figure 3: Number of hours of day at which a significant
difference from the original TUD was observed
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Evaluation of variability

Table 7: List of estimated activities and people’s
attribute

Evaluation method
This section evaluates the variability in AUP for the
models developed in Cases 1 to 4 for selected activities.
The considered activities are listed in Table 7, with the
influence of demographic conditions (listed in the second
column of the table) evaluated for each.

Activity
TV/radio
Working

Cooking

AUP of wathing and listening to TV/radio

Result
Figure 4 shows the AUP of TV/radio at each time of day
estimated by the models developed in the four cases for
the demographic segments with different gender/age
values. In Case 1, people aged 60 or older were estimated
to have a higher AUP from 6 am to 8 pm than the other
demographic segments. Case 2 showed a similar trend,
despite exhibiting wider variation than Case 1. Case 4
showed similar variation to Case 2. Case 3 exhibited

60%

20yearold_male
Secondaryschool_male
60-74yearold_male
60%

Influential demographic conditions that
were evaluated
People with different genders and ages
People with different employment statuses
(Full-time worker was assumed for male,
whereas part-time was assumed for
female.)
Employed females with different
household composition and different
condition on the existence of pre-school
child.
Adult male living in an area with different
city size and with a house ownership
condition.

Sleeping

20yearold_female
Secondaryschool_female
60-74yearold_female

30-44yearold_male
45-59yearold_male
Over75yearold_male

30-44yearod_female
45-59yearold_female
Over75yearold_female

60%

Case2

Case1
40%

40%

20%
-40% 0
0%

2
0

4

2

4

6

6

8

10

20%
12
0%
0

8 10 12 14 16 18 20 22

60%

14
2

16

4

18

20

22

6

8 10 12 14 16 18 20 22

6

8 10 12 14 16 18 20 22

60%

Case3

Case4

40%

40%

20%

20%

0%

0%
0

2

4

6

8 10 12 14 16 18 20 22

0

2

4

Time of day

Time of day

Figure 4: AUP of watching or listening to TV/radio in time series
Fulltime_Occupation2
Fulltime_Occupation4
Fulltime_Occupation7
100%

AUP of working

70%
60%

30%

Case2

80%
60%
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0%
0

2

4

6

8 10 12 14 16 18 20 22
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80%

0
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2

4

6
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6

8 10 12 14 16 18 20 22

Case4

80%

60%

20%

Parttime_Occuaption3
Fulltime_Occupation6

100%

60%

50% 100%
40%

Fulltime_Occupation3
Fulltime_Occupation5

Case1

80%

80%

Parttime_Occupation2
Parttime_Occupation4
Parttime_Occupation7

0%

0%

0

2

4

6
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2

4

Time of day

Time of day

Figure 5: AUP of working in time series
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Single
Couple_with_schoolchild
3_generation_with_preschool
50%

30%

20%

AUP of cooking

0

Case2

40%

30%

0%

Old_couple_without_child
3_generation_without_preschool

50%

Case1

40%

50%

Young_couple_without_child
Couple_with_preschool

10% 2
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20%
12 10%
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4
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0

2

4
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6
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50%

Case3

40%

Case4

40%

30%

30%

20%

20%

10%

10%
0%

0%
0

2

4

6

0

8 10 12 14 16 18 20 22

Time of day

2

4

Time of day

AUP of sleeping

Figure 6: AUP of cooking in time series
slightly narrower variation than Case 4. This difference is
Urban_Owner
Non-urban_Owner
due to the influence of predictor variables among the six
Urban_Renter
Non-urban_Renter
segments considered in Case 4.
80%
Figure 5 shows the AUP of working with various
60%
combinations of the employment status and nature of
occupation values (Table 4). Cases 1 and 2 show only
40%
three profiles depending on the employment status since
the nature of occupation was not taken into account when
20%
the clusters were developed. On the contrary, Cases 3 and
4 show a significant variation in AUP.
0%
Figure 6 shows the AUP of cooking. As shown in Cases
Case1
Case2
Case3
Case4
2 and 4, the household composition, including the
existence of preschool children, has a significant
Figure 7: AUP of sleeping at 11 pm
influence. Case 1 showed the smallest variation as this
Application in community-scale modelling
case ignored the influence of household composition.
In previous sections, we estimated the AUP of people who
Case 3 shows a smaller variation than Case 4. This
met certain demographic conditions. In this section, the
difference is because the time spent cooking is
AUP of people living in a specific postcode district
significantly different between males and females and the
located in Tokyo, Japan, is estimated. The simulated
influence of household composition is levelled, i.e.
households were randomly generated by the household
underestimated for females and overestimated for males.
generation model based on population census data
The model in Case 4 is capable of considering and
(Kambayashi et al. 2018, Yamaguchi et al. 2019). The
representing this, as this case reflects the influence of
generated households were a combination of household
household composition among each of the six
members with specific demographic conditions so that
demographic segments respectively.
predictor variables considered in the regression analysis
Figure 7 shows the AUP of sleeping at 11 pm estimated
of the AUP were assigned to simulated individuals.
for a working male. City size and homeownership were
The studied postcode district comprised 673 households,
considered to be the influencing factors here. Cases 1 and
with 1059 residents in total, excluding preschool children
2 show the same values for the four conditions as the
whose activity was not modelled in this study. Figure 8
influence of the city size and homeownership were
shows the distribution of the gender, household
ignored. In contrast, Cases 3 and 4 capture their influence,
composition, employment status, and homeownership of
as the AUP of sleeping for people living in an urban area
the residents and households in the area. People aged 20
is lower than that of their non-urban counterparts.
to 59 account for 67% of the total. More than 60% are
Furthermore, the AUP of sleeping for homeowners is
single households; 40% of people have a fulltime job;
higher than for tenants for both urban and non-urban areas.
40% of people are unemployed; 60% of households are
It should be noted that the results of Case 3 were slightly
rented. In addition, the focus district is located in an urban
larger than those of Case 4, a difference resulting from the
area, and 75% of employed people were assumed to be in
difference in the influence of occupation. The clerical and
employed in tertiary industry in the area.
related workers have a lower AUP in Case 4 than those in
Case 3.
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0%

0%

20%
40%
Singles
Couple with child
Couple with 3 generation

20%
Full-time worker

0%

Aged 20 to 29
Aged 60 to 74

20%

40%

Owner

0%

20%

60%
80%
100%
Couple without child
Couple with parent
Others

60%

Part-time worker

40%

40%

Aged 30 to 44
Aged 75 or Older

80%
Unemployed

60%

80%

100%
Student

100%

Renter

60%

80%

100%

Figure 8: Composition of the residents and households
living in the target postcode district (top down:
resident’s age, rate of household composition,
employment/school status of residents, and
homeownership)
Result
Figure 9 shows box plots of residents’ predicted AUP of
sleeping at 11 pm. The dots on the figure represent the
AUP of individuals, the crosses represent the mean, and
the horizontal lines across the boxes represent the median.

lowest in Case 3. This difference can be attributed to the
influence of the predictor of city size, homeownership,
and occupation that were considered in Cases 3 and 4. The
case study area is urban, which decreases the AUP of
sleeping at 11 pm. The proportion of people renting is
higher than those owning homes in the area, with tenants
having a smaller AUP than owners. The proportion of
employed residents in tertiary industry is high (75%)
which decreases the AUP of sleeping at 11 pm.
Figure 10 shows the cumulative frequency of AUP of
(from the bottom up) sleeping at 11 pm, working at 9 am,
cooking at 6 pm and TV/radio at 8 pm estimated for the
residents. Significant differences were observed between
the compositions of the four cases. The variation was the
smallest in Case 1. Cases 3 and 4 showed wider variability
in the AUP of working than Case 2, as can be seen in
Figure 5. A large difference was observed between the
AUPs of cooking for the different cases (Figure 6). The
results indicated that the regression approach is capable
of generating more variability in activity profiles among
residents and households than the approach only using
clustering.
0~5%
25~30%
50~55%
75~80%
Sleeping at Working at Cooking at TV/radio at
8 pm
6 pm
9 am
11 pm

Aged 10 to 19
Aged 45 to 59

5~10%
30~35%
55~60%
80~85%

10~15%
35~40%
60~65%
85~90%

15~20%
40~45%
65~70%
90~95%

20~25%
45~50%
70~75%
95~100%

Case4
Case3
Case2
Case1
Case4
Case3
Case2
Case1
Case4
Case3
Case2
Case1
Case4
Case3
Case2
Case1
0%

20%

40%

60%

80%

100%

Cumulative frequency of AUP for all people

Figure 10: Cumulative frequency of AUP of sleeping,
working, cooking, and TV/radio

Discussion
Figure 9: Box plot of predicted AUP for sleeping at 11
pm (N = 1059)
It can be seen that Case 1 showed the narrowest variation
as this case only considers the six demographic clusters.
There are two notable differences between the other cases.
First, Case 2 showed 59 values depending on the number
of demographic clusters, whereas the AUP in Cases 3 and
4 is more continuously distributed. This result shows the
benefit of using regression modelling capable of
considering the influence of a greater number of factors.
Second, the mean value is different between the three
cases. The mean value is the highest in Case 2 and the

This paper evaluated how the data preparation process
influences model performance, focusing especially on the
capability of reflecting the influence of demographic
conditions on time use. This issue is important to address
in order to be able to consider the heterogeneity in activity
and resultant energy demand in stochastic person-based
residential energy-demand models. Comparing the three
data preparation approaches, namely consideration of
clusters in sample data, development of the model
(typically regression model) based on aggregated sample
data, and the hierarchical approach integrating the
previous two approaches, we derived the following
findings.
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 Ignorance of the influence of demographic conditions
may result in a significant error in the modelling of
occupant behaviour and less variability in the results.
Clustering and regression modelling are useful to
address the issue.
 The modelling approach using a regression model is
effective for the consideration of various demographic
conditions. Although the clustering approach is also
capable of considering various factors, the increase in
considered factors decreases the sample TUD quantity
within each cluster. The regression approach does not
suffer from this data paucity issue.
 In the regression approach, the hierarchical approach
is useful to enhance the variability of modelling
parameters, because the influence of various factors is
dependent on other factors. The results of the
goodness-of-fit test also supported this finding.

Conclusion
This paper evaluated how data preparation approaches
influence the variability in the result of stochastic personbased occupant behaviour models. The variability of the
clustering approach can be enhanced by increasing the
number of clusters, which may result in an unexpected
error since the number of TUD used to develop modelling
parameters decreases. The regression approach is not
subject to this data paucity problem. Because the
influence of demographic conditions is dependent on
other conditions, the hierarchical approach, integrating
the clustering and regression approaches, is more
appropriate for data preparation to enhance variability
among simulated occupants. For example, the time
allocation of housework is heavily dependent on gender
in Japan.
The findings imply the necessity of further research.
Initially, a method should be determined to develop
appropriate clusters in the hierarchical approach. As such,
the hierarchical relationship among influential factors
needs to be better understood. Although basic
demographic conditions were used in this study,
clustering based on characteristics in time use, e.g.
occupancy pattern, should also be considered (Aerts et al.
2014). Moreover, the application of stochastic personbased occupant behaviour models should be further
explored as these contribute to providing more realistic
time-series data on occupant behaviour for energy
demand modelling.
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Abstract
Occupancy data is an essential input parameter for
building energy simulation and has a huge impact on the
accuracy of building energy models. Current approaches
of obtaining occupancy data usually involve sophisticated
occupancy detection devices and algorithms, or timeconsuming manual counting work. However, with the
advancement of information technology and network
service, the amount of data has accumulated sharply. The
growing popularity of mobile devices has made it possible
to acquire location data within a specific region based on
active positioning requests from end-users, offering a new
approach to obtain and extract occupancy profiles for
different buildings and areas. This research uses
clustering methods to extract typical daily and weekly
occupancy profiles based on big data of location. Based
on clustering analysis, several descriptive indices are
introduced to establish occupancy models for different
types of buildings. Moreover, comparisons of occupancy
profiles between location data and energy codes are
conducted to demonstrate the significance of locationdata-based occupancy profiles.

Introduction
Heating and cooling load of the building is determined by
multiple factors including the insulation of building
envelope, the optical properties of the windows, the
infiltration of the outside air, the lighting and appliances
in buildings and occupant behaviour in buildings. Among
all these factors, occupant behaviour contributes most, as
it not only performs as an internal heat gain of occupants,
but also dominates the active control of appliances and
equipment like windows, fans and air-conditioners. Thus,
it is very essential to acquire building occupancy data for
the design and simulation of building energy systems.
Currently there are a few approaches to acquire such kind
of occupancy data. The first approach is based on
experience or energy codes. The experience usually
comes from the modeler’s common sense or recognition
of certain types of buildings, while the occupancy data in
energy codes usually orient from large scale investigation
conducted years ago for a certain general type of building.
For example, ASHRAE Standard 90.1 specified several
recommended occupancy entries for certain types of
common buildings. The occupancy data from these
sources are frequently used in the design or modelling

process for its accessibility and convenience, but usually
lacks specificity and accuracy.
Another approach for acquiring occupancy data is sensorbased method. PIR sensor is one of the commonly
installed sensors in buildings. The PIR sensor counts
people entering or leaving the building from the exits and
sums up as the total number of occupants in buildings.
The PIR sensor is cheap and easy to install, but the
accuracy is the main concern, as the repeat record or the
missing record will cause significant accumulative error
to the total number. Many researches focus on the
correcting algorithms to compensate for this flaw, but are
still not effective enough.
The third approach is manual counting. This method is
being used to acquire occupancy data for energy models
of train and airport terminals. This method consumes huge
manpower and is very inefficient.
The current approaches of acquiring occupancy data are
traditional and may not cater for the need of modelling
and design process of the building energy system. With
the development of computer technology, Internet
connection and data science, massive data along with the
data analysis is available under many scenarios, and may
benefit the collection and analysis of occupancy data in
buildings.
There are researchers that took advantage of this
occupancy mega data to investigate the daily occupant
behaviour in specific buildings. Gu et al. (2018) uses
clustering methods to extract typical daily occupant
behaviour patterns in public buildings. Zou et al. (2018)
analysed WIFI-based data for occupant behaviour
prediction and lighting control. These researches provide
insights for mega data analysis in building occupant
behaviour research.
This paper utilizes the data from active positioning
requests of social network software from Tencent
Cooperation on their mobile devices, which is one of the
largest and most popular IT company in China. The server
collects active positioning data from the users who require
positioning service when using Tencent apps within a
specific region. The positioning data represents an
average of 70% of the total number of occupants in public
buildings. This data contains information of occupancy
patterns within a specific region for a certain period of
time.
In this research, clustering methods are used to extract
occupancy patterns from mobile positioning data, and
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gives descriptive parameters to represent the features of
each pattern. The novelty of this research is listed below:
• Using descriptive parameters to represent different
occupancy patterns.
• Illustrating typical occupancy portraits with clustering
methods.
• Focusing on both daily occupancy profiles and weekly
occupancy profiles.
• Comparing differences on both occupancy patterns
and the results of energy performance simulation.
The organization of this paper is clarified as follows. The
second part explains the methodology of this research.
The third part demonstrates the result of typical
occupancy patterns in different types of buildings. The
fourth part discusses the difference between positioningdata-based occupancy patterns and code-based occupancy
patterns, as well as its influence on building energy
modelling. The final part concludes the limitations and
future perspectives.

Methodology
The aim of this research is to extract both daily and
weekly patterns of occupancy in buildings. The methods
for both ends are generally identical, with only minor
differences. The overall procedure follows 4 steps:
Step 1: Normalization
The original positioning data is formatted as total number
of occupants in a specific region. The first step is to
normalize the raw data to get the occupancy value. Max
normalization is used in this step. For daily profiles, the
max normalization scales the data to the range of [0,1] by
daily maximum value, and can be expressed as follows:
𝑎𝑖 =

𝑥𝑖
max {𝑥𝑖 }

(1)

𝑖=1…24

In which max {𝑥𝑖 } represents the maximum value within
𝑖=1…24

the 24 hours of a day.
While for weekly profiles, the max normalization scales
the data to the range of [0,1] by weekly maximum value,
and can be expressed as follows:
𝑎𝑖 =

𝑥𝑖
max {𝑥𝑖 }

(2)

𝑖=1…168

In which

max {𝑥𝑖 }

𝑖=1…168

represents the maximum value

Wk refers to the within-cluster dispersion matrix, tr refers
to the trace of the matrix. S(k) is the Calinski-Harabaz
index.
It can be seen through the definition of C-H index that
greater the C-H value, better the clustering effect. As a
result, the number of clusters is that with the greatest C-H
value.
After clustering, the temporal distribution of each cluster
is analysed. For daily profile, each pattern represents
weekdays, weekends or holidays in a week. While for
weekly profile, each pattern represents different months
in a year. The temporal distribution analysis can help
better identify the different occupancy features of
different time periods.
Step 3: Parametric Description
A set of parameters are introduced to describe the
different features of each patterns. Different parameters
are introduced for daily and weekly profiles. For daily
profiles, the following 3 parameters are introduced:
• Peak period: refers to the period with occupancy
greater than 0.7.
• Valley period: refers to the period with occupancy
lower than 0.3.
• Peak to valley ratio: refers to the ratio of the maximum
occupancy to the minimum occupancy in a day.
The peak and valley period are two essential parameters
for the control of building energy systems. The peak to
valley ratio, however, is crucial for the selection and
matching of the capacity of building energy systems. It is
to be noted that 0.7/0.3 is not fixed and may vary by
different system configurations.
For weekly profiles, the following 2 parameters are
introduced:
• Peak ratio: refers to the ratio of maximum daily peak
value to minimum daily peak value.
• Daily total occupant ratio: refers to the ratio of
maximum daily total number of occupants to
minimum daily total number of occupants.
The two parameters of weekly profiles are both essential
indicators for the control of building energy systems
within a scale of week.
Based on the method mentioned above, the framework of
this research is shown below:

within the 168 hours of a week.
Step 2: Clustering
Taking normalized data as input, the clustering method is
conducted to extract typical occupancy patterns. K-means
method is one of the common clustering methods. This
method requires the number of clusters as an input. This
input is selected based on Calinski-Harabaz (C-H)
Principle. C-H index is defined as the ratio of withincluster dispersion and the between-cluster dispersion. It
can be denoted as:
𝑆(𝑘) =

𝑡𝑟(𝐵𝑘 )∗(𝑚−𝑘)
𝑡𝑟(𝑊𝑘 )∗(𝑘−1)

(3)

Where m is the number of samples, k is the number of
clusters, Bk refers to the between-cluster dispersion matrix,

Figure 1: Technical route of occupancy research based
on mobile positioning data.
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Case study
In this research, mobile positioning data from 16 public
buildings is used in the analysis of occupancy patterns.
These buildings include transport, commercial and
hospital, locating in Beijing and Shanghai in China,
covering a time span of approximately 2 years from Dec
1st, 2015 to Sept 6th, 2017. The details of the case study
buildings are shown below.
Table 1: Details of case study buildings.
No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

Building
Railway Station 1 (Highspeed)
Railway Station 2 (Highspeed)
Railway Station 3 (Normal Speed)
Railway Station 4 (Highspeed)
Airport 1
Airport 2
Airport 3
Commercial Complex 1
Commercial Complex 2
Commercial Complex 3
Commercial Complex 4
Commercial Complex 5
Commercial Complex 6
Commercial Complex 7
Commercial Complex 8
Hospital 1

City
Beijing
Beijing
Beijing
Shanghai
Beijing
Shanghai
Shanghai
Beijing
Beijing
Beijing
Shanghai
Shanghai
Shanghai
Shanghai
Shanghai
Beijing

Daily occupancy profiles
• Railway Station
Railway Station 3 is taken as the example of Railway
Station type. Based on K-means clustering method and
Calinski-Harabaz principle, three typical daily occupancy
patterns are extracted. Meanwhile, the temporal
distribution of each pattern is plotted in a radar graph. The
results are shown below:

Figure 2: Typical daily occupancy patterns and
temporal distribution in Railway Station 3.

Generally, for each pattern, there’s a peak from around
11:00 to 24:00, and a valley from around 1:00 to 6:00.
There are slight difference of peak and valley period and
significant difference of peak valley ratio for each pattern.
The details of the descriptive parameters are shown in the
table below.
Table 2: Descriptive parameters of typical daily patterns
for Railway Station 3.
Pattern
No.
0
1
2

Peak Period
10:00-24:00
11:00-24:00
11:00-24:00

Valley
Period
1:00-6:00
1:00-6:00
4:00-6:00

Peak Valley
Ratio
8.44
10.82
3.69

As we can see through the temporal distribution, Pattern
0 represents the occupancy patterns from Monday to
Thursday as well as Saturday, Pattern 1 represents the
occupancy patterns of Friday and Sunday, showing a
greater peak valley ratio, which is the result of short trips
on weekends. Pattern 2 represents the occupancy patterns
of holidays, which shows a smaller difference of peak and
valley period.
• Commercial Building
Commercial complex 1 is chosen as the case of the
Commercial Building type. Commercial complex 1 is a
large commercial complex in Beijing. Similarly, based on
methods mentioned above, two typical daily occupancy
patterns as well as temporal distribution are shown below.

Figure 3: Typical daily occupancy patterns and
temporal distribution in Commercial complex 1.
It is to be noted that commercial complexes have opening
hours within a day. As a result, it is senseless to use valley
period or peak valley ratio as the descriptive parameters.
Thus, peak period is the only parameter shown in the
graph and enlisted in the table below.
From the temporal distribution, it can be seen clearly that
Pattern 0 represents the occupancy of weekends and
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holidays, while Pattern 1 represents the occupancy of
weekdays.
Table 3: Descriptive parameters of typical daily patterns
for Commercial complex 1.
Pattern
No.
0
1

Peak Period
12:00-20:00
12:00-20:00

The two typical daily occupancy patterns are of great
similarity, no matter from the figure or the descriptive
parameters. The only difference between the two patterns
is that, Pattern 1, which represents the occupancy of
weekdays, exists a “noon peak” and a “evening peak”.
This indicates commercial complex’s dining service for
people during workdays.
• Hospital
Hospital 1 is located in Beijing. From the clustering
analysis, two typical daily occupancy patterns are
extracted from the positioning data. The results are shown
below.

Figure 4: Typical daily occupancy patterns and
temporal distribution in Hospital 1.
From the temporal distribution, the two patterns can
explicitly distinguish from each other by weekdays and
weekends. Pattern 0 represents weekends and holidays,
while Pattern 1 represents weekdays.
For the occupancy patterns in hospital, the peak period
usually distributes from 9:00 to 16:00, while the valley
usually distributes from 0:00 to 6:00. The main difference
between weekday and weekend patterns is the peak valley
ratio, with a higher peak in weekday pattern, suggesting
more people coming for outpatient service on weekdays.
The detailed descriptive parameters are shown in the table
below.
Table 4: Descriptive parameters of typical daily patterns
for Hospital 1.

Pattern
No.
0
1

Peak Period
9:00-16:00
9:00-16:00

Valley
Period
0:00-6:00
23:00-6:00

Peak Valley
Ratio
10.2
15.1

• Typical Daily Occupancy Pattern Portrait
In this sub-section, the occupancy patterns of all 16
buildings are portraited in order to display a general
feature of all buildings. In order to portrait this, occupancy
data of all buildings are clustered into one single cluster
using K-means method, and the result represents the
occupancy pattern of specific building. The results are
shown in Figure 5.
From the portraits, we can see that the occupancy patterns
of highspeed railway stations (Railway Station 1,2,4)
agree well with each other, while for normal speed station
(Railway Station 3), there are still a significant amount of
people in station during night time. Similarly, the airports
also show similar occupancy features.
The occupancy patterns of different commercial
complexes vary in details. That’s because the occupancy
for commercial complexes is largely determined by their
opening hours. And the peak usually appears during
daytime.

Figure 5: Typical Daily Occupancy Pattern Portrait of
16 case buildings.
Weekly occupancy profiles
Following the same procedure of daily occupancy profile
analysis, the weekly features of occupancy in 16 case
buildings are also analyzed. In this section, the same 3
buildings are chosen to demonstrate the results.
• Railway Station
The typical weekly patterns of Railway Station 3 and their
temporal distribution are shown below. Two typical
patterns are extracted from the positioning data. From the
patterns of weekly profiles, it’s easy to infer that number
of occupants reaches its peak on Fridays.
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From the temporal distribution, Pattern 0 represents the
patterns from Janurary to September, while Pattern 1
represents the patterns from October to December. Pattern
1 has a higher Peak Ratio and Daily Total Occupant Ratio,
which suggests more people traveling on Fridays.

The result of temporal distribution suggests that Pattern 0
mainly represents the occupancy from Spetember to
November, while Pattern1 mainly represents the
occupancy from June to August. There are no significant
differences for other months.
Although the peak both happens on Fridays, In Pattern 0
there are more occupants on weekends than on weekdays,
while in Pattern 1 more occupants show up on weekdays.
This might have connections to summer holidays.
The detailed parameters are shown in the table below.
Table 6: Descriptive parameters of typical weekly
patterns for Commercial Complex 1.
Pattern
No.
0
1

Peak Ratio
1.21
1.18

Daily Total Occupant
Ratio
1.18
1.23

• Hospital
In Hospital 1, two typical weekly occupancy patterns are
extracted from the positioning data. Below are the results
of the patterns and their temporal distribution.

Figure 6: Typical weekly occupancy patterns and
temporal distribution in Railway Station 3.
The detailed parameters are shown in the table below.
Table 5: Descriptive parameters of typical weekly
patterns for Railway Station 3.
Pattern
No.
0
1

Peak Ratio
1.23
1.50

Daily Total Occupant
Ratio
1.18
1.34

• Commercial Building
There are two typical weekly patterns in Commercial
Complex 1. The patterns and the temporal distribution are
shown below.
Figure 8: Typical weekly occupancy patterns and
temporal distribution in Hospital 1.
As we can see through the result of temporal distribution,
Pattern 0 represents the occupancy features from Feburary
to September, Pattern 1 represents the occupancy features
from November to Janurary, while Pattern 2 only
represents two consecutive weeks in October. It is
believed that Pattern 2 is an abnormal operating condition,
and should not be further considered as the frequent
operation schedule.
The result suggests that Pattern 0 has a higher Peak Ratio
and Daily Total Occupant Ratio than Pattern 1, which
indicates more people on weekdays or fewer people on
weekends in Pattern 0.
The details of the parameters are shown below.
Figure 7: Typical weekly occupancy patterns and
temporal distribution in Commercial Complex 1.
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Table 7: Descriptive parameters of typical weekly
patterns for Hospital 1.
Pattern
No.
0
1
2

Peak Ratio
1.87
1.55
2.31

Daily Total Occupant
Ratio
1.65
1.42
1.83

• Typical Weekly Occupancy Pattern Portrait
Similar with daily occupancy pattern portrait, there’s also
a weekly occupancy pattern portrait to demonstrate the
general occupancy features of all 16 buildings.
The portraits of weekly occupancy patterns for railway
stations suggest that there is always a peak on Fridays. For
airports, the traffic on weekdays are significantly greater
than that on weekends.
The features of the commercial complexes vary from the
buildings. However, generally speaking, more occupants
go to commercial complexes on weekends. This may
assist with the control of building energy systems.

Figure 9: Typical Weekly Occupancy Pattern Portrait of
16 case buildings.

Figure 10: Hospital’s occupancy pattern from ASHRAE
Standard and that from positioning data.
In order to identify the effect of this difference on
occupancy schedule, a hospital model is chosen as the
example. The hospital model in located in Beijing. The
energy simulation is performed by DeST-C. Figure 11
demonstrates the layout of the hospital building.

Figure 11: The layout of the hospital model.
All the settings are based on the energy codes except the
occupancy schedule. One model uses code-based
occupancy schedule and the other model uses positioningdata-based occupancy schedule. The following figures
demonstrates the heating or cooling loads under two
schedules. The cooling load of July 16th and the heating
load of Janurary 15th are plotted in Figure 12 and Figure
13. And the following table summarizes the energy
statistics of the two schedules.

Discussion
The above-mentioned sections introduce a new approach
to acquire and analyze building occupancy data, and
present a series of typical occupancy patterns. In this
section, the occupancy pattern from the mobile
positioning data and that from energy codes are compared
and discussed.
Here we take hospital as an example. Figure 10 shows the
comparison of hospital’s occupancy pattern in ASHRAE
90.1 standards with that from positioning data. In the
occupancy schedule from positioning data, there exists a
peak during 9:00-11:00 in the morning, and the
occupancy from positioning data during night time are
higher than that from ASHRAE Standard. These are the
major differences between two schedules.

Figure 12: Cooling load of ASHRAE Standard based
and positioning data based occupancy schedule.
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occupancy features of different buildings. Finally, this
research analysed the difference of final heating or
cooling loads based on occupancy schedules from energy
codes and from positioning data, indicating significant
influence of occupancy data on energy consumption. The
results suggest that mobile positioning data provides more
precise information and should be considered a better
approach for acquiring and applying occupancy data in
both design and evaluation of energy consumption of
buildings.
Figure 13: Heating load of ASHRAE Standard based
and positioning data based occupancy schedule.
As the figures shown, for cooling load, the positioning
data based model is generally higher than ASHRAE
Standard based model. The maximum relative difference
can be as large as 13% (at 11:00). While for the heating
load, the difference is not significant. The main difference
exists on the opening hours.
Table 8: Statistics of heating and cooling loads for two
schedules.

Total Heating
Load (M kWh)
Total Cooling
Load (M kWh)
Peak Heating
Load (K kW)
Peak Cooling
Load (K kW)

ASHARE
Standard
based

Positioning
data based

Relative
difference

2.12

2.08

1.92%

7.32

8.35

12.3%

3.86

3.83

0.78%

9.50

10.45

9.09%
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Abstract
Although sustainability is one of the drivers of change in
the retail sector, employees still treat energy management
as a lower priority compared with other operational tasks.
As digital technologies are flourishing, gamification is an
emerging method of raising energy awareness, with most
examples however targeting individuals, and therefore not
supporting teamworking approaches to handling end user
building energy demand. As such, combining behavioural
incentivisation and technological development is a critical
socio-technical challenge within the retail environments.
The development of a new cooperative role-playing game
that harnesses the participatory character of game theory
to boost collegiality and encourage the energy-conscious
behaviour of staff in a supermarket located in the UK, is
described. By feeding the game with energy simulation
results, this can be regarded as a novel synergy between
behavioural science and game theory within the field of
building energy. Future research will focus on testing the
real-world potential of the game to engage retail staff in
co-creating energy efficient stores.

Introduction
The retail sector is an increasingly complex environment
undergoing continuous changes, driven by sustainability
prerequisites, novel technologies and shifting customer
preferences (ARUP 2017). In this fast-changing context,
businesses will need to change in order to maintain the
engagement of different stakeholders and, in particular, of
their employees (Reeves and Read 2009). Being part of a
study that aims to examine the engagement of different
stakeholders (that is, retailers, staff, customers as well as
designers) in co-creating energy efficient retail stores, this
paper will focus on the engagement of staff in delivering
the environmental agenda of their organisation through
the completion of everyday actions in their stores. In this
context, this paper will cast light on the potential of digital
cooperative role-playing games to improve the attitude of
retail staff towards energy-conscious behaviour.
Employee engagement in energy efficiency practice
Employee engagement is one of the principal energy work
streams in the retail sector, which aims to guarantee store
participation in energy efficiency practice. According to
the Sustainable Consumption and Production Action Plan
(European Commission 2008), retailers should consider
sustainability as an opportunity for their business to grow,
compete and innovate while reducing their environmental

impact. Even though working towards a sustainable future
requires a collective effort (ARUP 2017), employees still
treat energy management as a lower priority – compared
with other store tasks such as customer service (Christina
et al. 2015). In addition to the refurbishment of their stores
that can directly increase energy efficiency, retailers thus
need to draw attention to the behaviour of their employees
and raise their environmental awareness (Galvez-Martos
et al. 2013). In particular, retailers must explore new ideas
of boosting the personal interest of employees in energy
performance. As revealed by interviews with employees
(Christina et al. 2015), although management staff may
be motivated by financial concerns, junior staff does not
commonly get stimulated by possible decreases in store
profitability, this creating a gap in motivation.
Teamworking is also a crucial aspect of staff engagement
within retail stores, where tasks are often interdependent.
Different stakeholders may thus need to interact to resolve
problems as they arise by making use of a range of skills
(Clegg 2000). These skills refer to the job characteristics
of employees and hence to their anticipated behaviours in
situations requiring action (Kim et al. 2009). Employees
should have the opportunity to cultivate their individual
and teamworking skills through training programs that
prepare them to deal with real-world tasks (Martin 2005).
However, the organisational environmental strategy is not
always clear to employees, as they are often reported to
treat energy-related tasks as an ‘add-on’ to their existing
job responsibilities (Christina et al. 2015). Retailers must
thus firstly develop a culture of environmental awareness
and secondly disseminate it to their employees through a
training scheme, which is able to ensure the engagement
of all staff members and ultimately influence their attitude
towards energy management (Davis and Coan 2015).
Adopting a socio-technical approach to establishing and
communicating this culture can increase motivation and
productivity among staff members, as it can cast light on
and convey the skills that are vital for the completion of
(interdependent) tasks (Birdi et al. 2008). In other words,
such an approach can clarify how different stakeholders
should interact with each other to tackle real-world tasks,
focusing on three main elements: communication, action
and establishment of organisational relationships (van der
Heijden et al. 2012). Combining these elements can assist
stakeholders in effectively imbedding sustainability in the
organisational culture and, in particular, translating what
they learn into actionable insights and resolving problems
as they emerge (Daft and Weick 1984).
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The role of new digital technologies
Given the continuous expansion of e-commerce, retailers
are expected to secure the future success of their physical
stores by creating a unique experience for their customers
that harnesses new digital technologies (such as artificial
intelligence and virtual reality) (ARUP 2017). However,
the future opportunity of retailers to innovate is dependent
on the technological literacy of their employees, who will
need to be acquainted with nascent technologies to guide
shoppers and optimise their experience (Hart et al. 2007).
At the same time, employees will have to contribute to the
sustainability practice of their store to minimise its energy
use and carbon footprint (Schönberger et al. 2013).
Confronting the financial impact of employees’ behaviour
on organisational operation and profitability, retailers will
also have to maximise payoffs from staff training (Cascio
2006). Investing in training is critical to guaranteeing the
satisfactory performance of staff, who may alternatively
be competent at only limited tasks and hence remain inert
in situations requiring action (Ton 2014). A good training
is also a key ingredient in improving the job productivity
and satisfaction of employees, as it can provide them with
a better understanding of their role within the organisation
and in particular of their responsibilities and relationships
with other employees (Rogers et al. 1994).
Given the gradual transition from non-gamers to today’s
gamer generation, new technologies and in particular new
digital games are anticipated to metamorphose learning in
the workplace (Beck and Wade 2006). This digital gamebased learning procedure is an emerging field of research,
which encourages learning through play (Squire 2011). In
an educational adventure game (as it is most commonly
called in the literature), play is considered to be part of the
learning procedure (Amory 2001). In more detail, players
are provided with ‘an artificial environment, with which
they must interact in order to solve the problems presented
in the game’ (Cavallari et al. 1992). These problems may
represent (complex) real-world tasks, hence inducing the
acquisition of knowledge and development of skills that
are required in real life (Bellotti et al. 2009). Gameplay
can thus combine fun with learning, there however being
a fine line as enjoyment should not distract players from
learning (Barzilai and Blau 2014).
A role-playing game can further enhance the effectiveness
of digital-based learning, as each player picks a character
that represents a (real-world) role identity, also inheriting
its set of skills (Hong et al. 2009). That is, each player has
to embody a persona, while interacting with other players
in order to create their improvised team story (Yee 2006).
This cooperative learning interaction assists individuals in
maximising their understanding of new information and,
subsequently, more effectively performing the tasks that
are associated with their role (Wiegmann et al. 1992). At
the same time, since in cooperative games each agent has
a unique set of skills and each task requires a specific set
of skills (Bachrach and Rosenschein 2008), autonomous
agents need to collaborate to successfully complete tasks
(Chalkiadakis et al. 2010).

Cooperative games can hence improve learning from both
cognitive and social perspectives (Squire 2002). Focusing
on sustainability, such games can be used as educational
tools in order to raise awareness of sustainability issues,
there however appearing the need to better evaluate their
effectiveness in learning – as this is still an emerging field
of research (Stanitsas et al. 2018). Having the potential to
engage users and raise their awareness, these games can
be used to promote desired real-world energy behaviours
(Reeves et al. 2012). Energyville (Chevron 2007), The
Sims (Adapted) (Tragazikis and Meimaris 2009), and
EnerCities (Knol and De Vries 2011) are a few examples
of games that have attempted to raise energy awareness.
However, these games target individuals and hence do not
support cooperative behaviours. Energy Transition Game
(Centre for Systems Solutions 2017) and Energy Safari
(Ampatzidou and Gugerell 2018) are multi-player games
that integrate multiple real-world roles, thus encouraging
participatory design. However, these are board – and not
digital – games, while, similarly to the aforementioned
examples, they do not zoom in on the energy management
of a single building and the behaviour of its occupants.
The following question hence remains unanswered: (how)
can digital cooperative role-playing games affect human
behaviour with respect to building energy efficiency and,
in particular, (how) can they motivate retail employees to
engage in co-creating energy efficient stores?

‘Inside the Box’: Developing the game
To explore this question, a novel digital cooperative roleplaying game was developed as a method for encouraging
the energy-conscious behaviour of staff in a supermarket
located in the UK. To master the game, players must work
together effectively to detect and address behaviours that
detrimentally affect the energy performance of the store.
The game score is informed by the simulation results that
were generated using a detailed energy simulation engine.
Working closely with the Energy Team of the company
and reviewing former initiatives were critical to building
the energy model and determining how its results must be
communicated within the game to maximise engagement
and learning through play, and ultimately ensure the realworld applicability of the game as a training tool.
Case-study building and energy modelling
The examined building (figure 1) is a supermarket located
in the UK having a total useable floor area of 10600 m2
(including the back of the store), constructed in 2013. It is
a timber-frame building with a fully-glazed façade facing
the North, and skylights for additional daylight. Being
compliant with the design standards of the retail company,
its sales space has an open-plan layout that is comprised
of 17 ‘sub-areas’ (e.g. frozen, bakery and fresh produce).
Adhering to operation standards, its heating setpoint is 19
o
C and 18 oC during the day and night, respectively. As it
is a 24-hour store, it is heated constantly throughout the
day, with natural gas being its main heating fuel. The air
handing unit provides fresh air for occupants, while the
cooling setpoint is 24 oC and 25 oC during the day and
night, respectively. To minimise energy use, LED bulbs
are used for both internal and external artificial lighting.
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Figure 1: The BIM model of the examined supermarket
(source: the retail company ©).

Figure 2: The energy model of the examined
supermarket (created in DesignBuilder).

Figure 2 shows the energy model of the supermarket, built
with the Building Information Model (BIM) provided by
the retail company. Its form was created in DesignBuilder
(DesignBuilder Software Ltd 2018), a popular and userfriendly modelling environment (Attia et al. 2009). The
model consists of 31 thermal zones that include the main
sales area and secondary spaces at the rear (such as store
rooms). After creating the geometry in DesignBuilder, the
model was imported into EnergyPlus (U.S. Department of
Energy 2016), which is a detailed thermal simulation tool
that has been widely reviewed and validated (Henninger
and Witte 2004). This is where any additional input data
was specified to describe the construction and operation
of the building, following the drawings and information
provided by the retail company. Note that, with respect to
heating, cooling and air conditioning, an ideal loads air
system was used, as the interest of this study does not lie
in refurbishing the store, but in ameliorating employee
engagement in energy efficiency practice.
Creating the energy model of the building had a twofold
purpose in this study. Firstly, by running one-parameterat-a-time simulations, it was possible to identify energysaving opportunities that can reduce the carbon footprint
of the company. Secondly, it was possible to quantify the
influence of these energy saving opportunities, this being
vital for the development of the game and, particularly, of
its scoring. Working closely with the Energy Team of the
company and reviewing the outcomes of past initiatives
were crucial to informing the energy model, defining the
one-parameter-at-a-time simulations and integrating their
results into the game in a comprehensible manner.

Game design
Given, on the one hand, the need to change the behaviour
of staff with respect to energy and, on the other hand, the
potential of games to promote behaviour change (Morford
et al. 2014), a cooperative role-playing game called Inside
the Box was developed as a means of strengthening staff
engagement in energy efficiency practice. The game was
developed in Unity (Unity Technologies 2017), an engine
that supports scripting in C#. As the meticulous design of
game elements is indispensable to motivating players and
stimulating learning (Dondlinger 2007), the description of
the game (also summarised in table 1) focuses on its main
elements: space; components; mechanics; goals; and rules
(Deterding et al. 2011).
Space is a critical element of game design, as this defines
the look and feel of the game. The suggested role-playing
game takes place in a supermarket and, in particular, in its
main sales area. Components are also a determining factor
in shaping the context of the game, these referring to its
principal parts – i.e. characters and objects. There are four
– ready to pick – characters in the game (as illustrated in
figure 3), which represent real-world stakeholders/ roles:
customer; customer assistant; store manager; and in store
technician. Additional avatars can be encountered in the
game, these being non-player characters (NPCs) that were
programmed to simulate shoppers. Objects represent the
selling products, furniture and equipment found in store.
Note that, similarly to the layout and construction of the
building, furniture and equipment were also informed by
the BIM model that was provided by the retail company
in order to simulate the real context.

Table 1: Summary of the main elements of the game.
Element

Definition

Description

Space

The game environment

Components

The parts of the game

Mechanics

The actions in the game

Goal(s)

How to win the game

Rules

How to play the game

The main sales area of a supermarket located in the UK.
Objects represent selling products, furniture and equipment that can be found in store.
Characters represent real-world stakeholders/ roles (customer, customer assistant,
store manager and technician).
Detect, Collaborate, Fix and Shop are the main actions in the game – as in real life.
These are however restricted by the unique skill set of each character.
Work together effectively to gather as many points as possible in only 5 minutes by
performing energy-saving tasks, in parallel with other operational tasks. Make sure
not to rise the energy bill and always keep customers satisfied.
Select a character to start the game.
Detect the (energy-related or operational) problem (10 points).
Collaborate with a team player (10 points), if the problem is not related to your role.
Fix the problem (10 points), if this falls within your area of responsibility.
Shop each product in the shopping list (10 points), but only if you are a customer.
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Figure 3: The four characters of the game, which represent real-world roles.
Mechanics define the actions that the players are allowed
to perform during gameplay. In the proposed game, there
are four principal actions (as demonstrated in figure 4):
Detect; Collaborate; Fix; and Shop. Given the importance
of mapping game features to real functions in the context
of role-playing games (Reeves and Read 2009), these four
actions were built based on the real-world responsibilities
of stakeholders. Working closely with the Energy Team
of the retail company and reviewing the job descriptions
of different roles guaranteed the inclusion of the (energyrelated and operational) tasks that each stakeholder needs
to perform in real life. These tasks were then reflected on
the skills of each character, hence making the game a roleplaying environment that can support learning by doing.
Even though this study focuses on employee engagement
in energy-related tasks, additional operational tasks were
considered in the game. The intent is to more accurately
imitate real life, as stakeholders are frequently faced with
more than one problem simultaneously and very quickly
have to evaluate the trade-offs between acting on one or
the other. As an example, a customer assistant may detect
an open door on a freezer cabinet, but also an empty shelf
that needs to be stocked with merchandise.
The goal of the game is another important element, as this
indicates what players should be working towards. To win
Inside the Box, (the four) players need to work together
effectively to gather as many points as possible in only 5
minutes by completing (character-specific) energy-saving
but also operational tasks. They must ensure their actions
do not result in increases in energy use (this reflecting the
annual energy demand of their store), while maintaining
customer satisfaction. This can be achieved by detecting
and fixing behaviours that detrimentally affect the energy
efficiency of the store and problems that may undermine
the experience of customers. Collaborating with a team
player is also rewarded and can be the key to winning the
game, as each character has their own unique skill set that
may not allow them to complete a task individually. The
character that represents a customer has an additional task
to complete as in real life; that is, to buy the products that
are included in the provided shopping list (figure 4).
Finally, rules are vital for guiding players and restricting
their actions. After selecting a character, each player must
go around the open-plan space of the supermarket to make
sure energy efficiency and shopping experience are not
undermined. As (energy-related or operational) problems
emerge, players have to Detect them. Each problem can
be detected only once, allowing the team to gain 10 points.

Given the time restriction, players must quickly make use
of their critical thinking to decide whether or not a specific
problem falls within their area of responsibility. If this is
part of their role, they can then Fix it and gather 10 points
for their team. If it is not, they must Collaborate with the
team player that is expected to address such a problem in
real life, gaining 10 points. In more detail, to gain the 10
points, the player who detected the problem needs to pick
(from a dropdown menu, as shown in figure 4) the team
player, who will then need to read a message that briefly
explains the problem. Finally, if the player impersonates
a customer, they will also need to Shop all products in the
shopping list, with each product collected awarding the
team with 10 points. If more than 25 seconds pass after a
problem occurs without it being addressed, the energy bill
will rise, or the satisfaction bar will fall, this being subject
to the nature of the problem – i.e. if it is related to energy
efficiency or customer experience, respectively.
Connecting energy modelling and game design
After creating and refining the energy model, performing
one-parameter-at-a-time experiments revealed that frozen
and bakery sub-zones present the greatest opportunities to
save energy in the store. In more detail, keeping doors of
freezer cabinets open and not turning ovens off when not
needed (that is, between bakes and as soon as baking is
finished) were proven to be impactful behaviours. At the
same time, as revealed by reports of the retail company,
these behaviours are frequently observed in supermarkets.
Such an observation underlines the importance of making
sure equipment will henceforth be operating to the most
efficient manner. Since employees affect the operation of
equipment, retailers should treat the developed game as a
training tool that can convey these impactful behaviours
through an engaging and playful experience.
The EnergyPlus (U.S. Department of Energy 2016) model
was therefore used to reveal the current energy demand of
the store and quantify the impact of commonly-observed
behaviours in store, which can adversely affect it. As both
the literature review and the discussions with the company
highlighted the potential for financial matters to intensify
motivation, the simulated energy numbers were translated
into monetary values. These values were then included in
a C# script which is run within Unity (Unity Technologies
2017) during gameplay, in order to inform the game score.
In this way, players are provided with a quantitative link
between their various actions and the energy performance
of the store, thus becoming aware of the consequences of
their behaviour in real life.
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Figure 4: The four main actions in the game: Detect, Collaborate, Fix, and Shop.
In particular, when the game starts, players can find the
baseline value of £175000 at the right top of their screen,
which represents the annual operating cost of their store
(this including both gas and electricity use). If an energyrelated problem occurs and is not addressed shortly by the
players, the energy bill will rise – as would happen in real
life. After working closely with the Energy Team of the
retail company, it was concluded that, in order to increase
employee motivation, the rise in the bill should represent
the consequence of the problem on an annual scale and for
all equipment (of that particular sub-zone) – i.e. the effect
of this behaviour on annual operating cost. In this way, if
the problem refers to an open door on a freezer cabinet,
the baseline value will be replaced by £186000 (figure 4)
to demonstrate the annual bill rise, in case this behaviour
is applied to all doors (as in the case of a single door, the
rise would be less than £100, thus not boosting employee
motivation). Similarly, if the problem refers to an oven
being on when not necessary, the equivalent value will be
£183000.
Note that these numbers are case-sensitive as they express
the increase in operating cost for the examined store and
consequently for its specific number of freezers and ovens
respectively. When the problem gets addressed by one of
the players in the team, the energy bill will fall back to the
baseline value. At the same time, an animation will appear
to inform the player that they assisted the team in gaining
10 points by completing this action. Additional text at the
right side of the screen will present the annual potential
savings for this specific zone (frozen or bakery) and hence
for the entire store. That is, how much less the store will
have to pay annually (£11000 or £8000, respectively), if
this energy-related behaviour is adopted. Animation and

text aim to make the game an enjoyable experience for the
players, while rewarding them for addressing problems in
store and providing them with instantaneous feedback on
the impact of their action on energy efficiency.
At the end of the game, each player can read the summary,
indicating the performance of the whole team, as well as
their individual achievements (figure 5). The summary
reflects not only their energy-related behaviour, but also
the successful (or not) fulfilment of operational tasks that
they also need to perform as part of their job role – or, in
the case of a customer, the additional act of shopping. In
this way, employees learn to stop treating energy-related
tasks as an ‘add-on’ to their existing operational tasks and
deal with various problems as they emerge. As in real life,
the players that impersonate staff members need to keep a
balance between increasing the energy efficiency of the
store and improving the experience of shoppers. That is,
they need to find a trade-off between the energy bill and
the satisfaction bar at the top of their screen, with the latter
mirroring the fulfilment of operational tasks (figure 4).
Different stakeholders also learn how they should interact
with each other in order to tackle everyday tasks. Having
to collaborate when detecting a problem that does not fall
within their area of responsibility, employees are trained
to work together effectively to address real-life problems.
As an example, if the customer assistant detects a water
leak, collaborating with the technician is vital for fixing
that problem, as this employee is responsible (in real life)
for the maintenance of the store. To support motivation
and engagement, the action of collaborating with a team
member is rewarded in the game – similarly to the actions
of detecting, fixing and shopping.
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Figure 5: The summary of the game indicating individual and team performance.

Conclusions
Along with investing in refurbishing their building stock,
retailers will also have to invest in increasing the energy
awareness of their employees, as their behaviour has the
potential to detrimentally affect energy performance. It is
hence necessary to embed energy efficiency practice into
different roles (e.g. customer assistant, store manager etc.)
and clearly disseminate energy-related responsibilities via
a comprehensible training scheme. Given the growth of
digital technologies and particularly of gamification, the
‘learning by doing’ philosophy behind games needs to be
further investigated as a method of accomplishing energy
saving best practice among retail employees, this being
the focus area of this study.
The development of a new cooperative role-playing game
was described which aims to increase staff engagement in
energy efficiency practice within the retail sector. To win
the game, players must work together effectively to detect
and address common behaviours that detrimentally affect
energy efficiency in retail stores. Examining a real-world
case study building and working closely with its Energy
Team supported the inclusion of real-life, energy-related
tasks. Creating the energy model of the store provided a
quantitative link between these tasks and predicted energy
savings, with frozen and bakery zones having the greatest
potential to save energy in store. Other operational tasks
were also added to the game to better imitate real practice
where several problems emerge simultaneously. Working
closely with the Energy Team also informed game design
and ensured the comprehensibility of the feedback that the
players receive when performing an action. As the game
reflects real-world responsibilities and relationships, the

players can improve their understanding of the different
stakeholder perspectives and interactions in retail stores.
The continual engagement with the retail company during
the game development process ensured the usability of the
game. Future research will now focus on testing the game
in store with the help of different stakeholders. They will
evaluate its potential to both support the development of
energy-related knowledge and to encourage collaboration
around energy-related tasks. This evaluation will uncover
how engagement and learning can be enhanced within the
game prior to its wide application as a training tool. After
refining the game and applying it to train employees, its
effectiveness in learning (from both cognitive and social
perspectives) will be evaluated through the observation of
the attitude of employees towards energy management as
well as the energy monitoring of the stores within which
it is deployed.
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Abstract
The participation of residents plays a key role in
residential energy saving strategies because they make
decisions on how to operate building heating and cooling
systems. Eco-feedback is an effective tool to motivate
energy conserving behaviours (ECBs) by providing
information on energy efficiency and associated benefits.
The main purpose of this study is to develop an online
data-driven building energy model to evaluate heating and
cooling-related behaviour changes for eco-feedback
design in a multifamily residential building. A grey-box
state-space model is presented that is updated with realtime data using a particle filter approach. The model
accounts for the evolution of parameters and captures the
unobserved inter-unit heat transfer without modelling the
whole building thermal network through sequential
Bayesian update. The model is developed and validated
using data collected in an actual multifamily residential
building.

Introduction
While there have been various energy efficiency
strategies such as advanced heating, ventilation, and airconditioning (HVAC) systems and their optimal control
to reduce energy consumption and demand without
compromising comfort and productivity in commercial
buildings, research in residential sector is often focused
on energy benchmarking (Roth & Jain, 2018), asset
ratings and cost analysis of building upgrades (Bourassa,
Rainer, Mills, & Glickman, 2012), and peak demand
control (Hammerstrom et al., 2007).
The recent development of WiFi-enabled smart devices
provides an opportunity to home owners to track the
energy consumption associated with different devices
such as heating and cooling equipment, appliances, and
lighting (Ford, Pritoni, Sanguinetti, & Karlin, 2017).
However, consumption data may not be sufficient for the
residents to evaluate their behaviour. Various forms of
eco-feedback such as peer-comparison (Jain, Taylor, &
Peschiera, 2012), historic comparison, energy
benchmarking, and setpoint scheduling (Pisharoty, Yang,
Newman, & Whitehouse, 2015) are often provided
together with data to lead people towards energy-efficient
behaviours (Karlin, Zinger, & Ford, 2015).
In addition, it has been reported that explaining the
benefits and providing actionable feedback can help
residents understand the relative importance between

various energy-related behaviours (Ehrhardt-Martinez,
2015). Thermostat control (i.e., setpoint schedule)
provides opportunities for significant energy savings as
heating and cooling accounts for 51% of the site energy
consumption in residential houses in the U.S. (EIA, 2015)
(EIA, 2015), and it has a standard form of behaviour, a
setpoint schedule.
There have been many efforts on thermal modelling of
houses for various applications such as optimal control
(Ellis & Alanqar, 2018), energy prediction (Siemann,
2013), etc. However, not many studies have been
conducted on multifamily residential building modelling
for behavioural-feedback design. One of the main
challenges is the heat transfer between different units,
which requires complex building-level thermal network
models. In this paper, we present a novel data-driven
modelling technique for multifamily residential buildings.
It includes a unit-level grey-box model with online
learning of parameters and hidden states through
Sequential Bayesian update to account for unobserved
boundary conditions and evolution of parameters.

Field study
Building overview
Our test-bed is a fully-remodelled multifamily residential
building, located in Indiana, United States. The building
has 49 occupied units (40×1-bedroom and 9×2-bedroom
units) located on the 2nd, 3rd, and 4th floors while one 2bedroom unit and amenities (multi-purpose room,
laundry, PC room, storage rooms) are located on the 1st
floor. All building materials were replaced during the
remodelling except for the main concrete floor slabs,
columns, and the south wall façade. The external walls
and inter-unit walls include 6-inch fiberglass insulation
(R19). The roof has 5-inch polyiso insulation (R30), and
there is no insulation in the main concrete floor slabs. The
restored south wall façade is composed of old brick
without additional insulation. The apartments are aligned
along the west and east side of the building and the units
have windows facing west or east. Units on the west side
have a balcony with sliding doors in the living room. The
balconies on the 2nd floor are located on the ground and
look like a backyard (since the 1st floor is underground
on the west side) while the balconies on the 3rd and 4th
floors are non-protrusion type, and the units have smaller
floor area. The units on the east side have operable awning
windows in the living room with vinyl frame. Also, units
on both east and west side have operable awning windows
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in bedrooms with vinyl frame. Each unit is conditioned
with a dedicated air handler (with a heat pump outdoor
unit at the rooftop) as shown in Figure 1. Although two
neighbouring units share a mechanical room, the air
handler is a closed-loop system, so there is no significant
air mixing between units. There is R19 insulation between
adjacent units but no insulation in the floor and ceiling
concrete slabs except for the roof and ground. The
hallway is conditioned by multiple air handlers.

Figure 1: Room and heating/cooling system layout
In this building, Wi-Fi-enabled smart thermostats
(Ecobee3, https://www.ecobee.com/) and sub-circuit
power
meters
(GreenEye
Monitor,
http://www.brultech.com/greeneye/) were installed to
collect disaggregated energy usage data. All smart
features of the thermostats were disabled and thus, there
is no functional difference besides the ability to collect
measured data. Temperature, occupancy heating/cooling
control signal, and setpoint data are being collected via
web API to our cloud server. Power consumption is being
monitored by using multiple current transformers with a
WiFi-enabled sensor box. The sensor box was installed
behind the electrical panel. The box is sending data to our
cloud server every 30 seconds. A weather station (Davis
Pro 2) was installed to monitor outdoor air temperature,
humidity, and solar radiation on the rooftop. All the
collected raw data is being stored into a cloud server and
is uploaded after pre-processing every day. The study was
approved by the Institutional Review Board (IRB
Protocol #: 1702018811).
Observations
Figure 2 shows yearly (Jan-Dec 2018) electric energy
consumption data for heating and cooling along with the
average temperature in each unit. Although the units are
exposed to the same weather and have similar mechanical
systems, floor areas, and building materials, their energy
consumption shows significant variations even in the case
of similar average setpoint temperatures.
In our previous work (Ham & Karava, 2018), we have
found that such variations can be explained by the
differences in the locations within the building, different

building characteristics as well as other disturbances such
as internal heat gains. For example, a unit can be adjacent
to other household units, unconditioned storage, and may
have less exposed area to the ambient air if it is located in
the middle or top floor of the building. Also, units have
different layout (balcony door with large glazing or small
windows), and thus, the required amount of heating to
reach a certain setpoint can be different. To normalize
these effects, in our previous work (Ham & Karava, 2018)
we proposed a Bayesian mixture model to identify groups
of units that have similar building characteristics and
boundary conditions. Through this approach, we can
evaluate the observed energy behaviour (i.e., setpoint
schedule) by comparing the energy consumption within
the normalized group of data. However, this method is
limited to the evaluation of past data. In this study, we
present an online data-driven model to estimate the
energy consumption for a potential future behaviour
change.

Figure 2: Yearly heating and cooling energy
consumption data in different units (Jan. – Dec. 2018)
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Modelling Methodology
Overall approach
Heating and cooling energy consumption of a certain
period is the outcome of sequential dynamical interactions
of building characteristics, mechanical system operation
with control input (i.e., setpoint schedule), weather, and
internal heat gains (e.g., body heat, appliance use, etc.).
To answer the question of how much energy is consumed
for heating and cooling given a behavioural intervention,
i.e., the setpoint schedule, all other variables need to be
sequentially estimated for the future evaluation period.
Since the building characteristics of each unit vary
according to the location and boundary conditions
(adjacent spaces), it is difficult to make reliable future
predictions with new setpoint scenarios using a black-box
model for a dynamical system. Even if we capture the
physical processes through a grey-box model, the
unobserved boundary conditions (i.e., temperature of
neighbouring spaces) are hard to be captured unless the
model includes all spaces in a building. Finally, it is
necessary to calibrate model multiple times with different
dataset to identify season-dependent parameters such as
efficiency of heat pump for cooling, heating, and defrost
operation.
Therefore, we chose a unit-level grey-box structure with
online-parameter learning filter. Previous studies (Alam,
Rogers, Scott, Ali, & Auffenberg, 2018; Fux, Ashouri,
Benz, & Guzzella, 2014; Radecki & Hencey, 2012)
applied various Kalman filters for a grey-box building
thermal model by augmenting parameters to the statespace (Simon, 2006). In this model, both parameters and
states are filtered (i.e., prediction and then update) in realtime according to their noise variances when new data
come in through Bayes rule, and this structure of model
can provide uncertainties in the prediction by quantifying
the posterior of hidden states. However, the posterior of
parameters can diffuse because the variance of parameters
would accumulate for every filtering step (Liu & West,
2001). In other words, the one-step ahead filtering of
parameters with diffused variance can end up with
incorrect values and predictions. Furthermore, they
become worse if the filter starts with wrong initial
distributions of parameters.
To overcome this limitation, we adopt two strategies: (1)
the variances of parameters need to be corrected for every
filtering step, and (2) the parameter filter needs to start
with good initial values. We choose Liu-West particle
filter (Liu & West, 2001) to correct the diffusion of
variance, and the initial condition of parameters are
estimated through a system identification technique.
The overall process of our online model is shown in
Figure 3. First, the initial values of building physical
parameters are obtained using a system identification
technique (i.e., optimize parameters to minimize
prediction errors). Once the initial parameter values are
identified, then they are updated with new data by using
the Liu-West particle filter (Liu & West, 2001). After the
parameter update, next week’s energy consumption is

predicted based on a scenario for a future behaviour
change (i.e., new setpoint schedule).

Figure 3: Model Process
Model structure
A grey-box model structure (Figure 4) is used to model
one household unit in the building. All variables are
described in Table 1.

Figure 4: Model structure
Table 1: Variables and parameters in a model
Name
Description
𝑇a [℃]
Outdoor air temperature
𝑇i [℃]
Indoor air temperature
𝑇e , 𝑇m
Exterior wall, interior mass, and thermostat
𝑇s [℃]
sensor temperature
𝑇n [℃]
Overall temperature of neighbouring spaces
𝑦𝑇s [℃]
Measured thermostat sensor temperature
𝑅ea , 𝑅ie , 𝑅in
Thermal resistance between temperature
𝑅nm , 𝑅is [k/W]
nodes
𝐶e , 𝐶i , 𝐶m
Thermal capacitance of each node
𝐶s [J/K]
𝑄̇sol [W]
Solar gains through glazing
𝑄̇ig [W]
Internal device heat gain
Heat/Cool
supply rate from the heating and
𝑄̇hc [W]
cooling device

The model (Figure 4) can be expressed as a set of
differential equations for the state (𝐱) transition (Eq. 1)
and observation (𝑦) without noise (Eq. 2).
𝐱̇ (𝑡) = 𝐀𝐱(𝑡) + 𝐁𝐮(𝑡)

(1)

𝑦(𝑡) = 𝐂𝐱(𝑡)

(2)

𝐱(𝑡) = [𝑇e (𝑡), 𝑇i (𝑡), 𝑇m (𝑡), 𝑇s (𝑡), 𝑇n (𝑡)]T

(3)

𝑦(𝑡) = [𝑦𝑇s (𝑡)]

(4)

T
𝐮(𝑡) = [𝑇𝑎 (𝑡), 𝑄̇sol (𝑡), 𝑄̇ig (𝑡), 𝑄̇cal,hc (𝑡)]

(5)
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𝐀=

−1
−1
+
𝑅ea 𝐶e 𝑅ie 𝐶e
1
𝑅ie 𝐶i

0

𝐴22

0

0

0

𝐴22

1
𝑅im 𝐶i

1
𝑅is 𝐶i

0

𝐴33

0

1
𝑅nm 𝐶m

1
𝑅im 𝐶m
1
𝑅is 𝐶s
0

0

[

1
𝑅ie 𝐶e

0

−1
𝑅is 𝐶s
0

0
0

(6)

0
0

]

−1
−1
−1
−1
−1
=
+
+
,𝐴 =
+
𝑅ie 𝐶i 𝑅im 𝐶i 𝑅is 𝐶i 33 𝑅im 𝐶m 𝑅nm 𝐶m

1
𝑅ea 𝐶e

0

0

0

𝐴w
𝐶i
0

𝜂ig
𝐶i
0

0

0

0

0
𝐁=

[ 0
0
𝐂=[
0

0

Pr(𝐱 𝑡+1 |𝐱 𝑡 ) = 𝒩(𝐱 𝑡+1 |𝑓(𝐱 𝑡 , 𝐮𝑡 , 𝜽d ), 𝝈𝑥 )

(11)

0

Pr(𝑦𝑡 |𝐱 𝑡 ) = 𝒩(𝑦𝑡 |𝑔(𝐱 𝑡 , 𝐮𝑡 , 𝜽d ), 𝜎𝑦 )

(12)

𝑓(𝐱 𝑡 , 𝐮𝑡 , 𝜽d ) = 𝐀d 𝐱 𝑡 + 𝐁d 𝐮𝑡

(13)

𝑔(𝐱 𝑡 , 𝜽d ) = 𝐂𝑑 𝐱 𝑡

(14)

0

(7)

𝜂hc (𝑡)
𝐶s
0 ]

0
0
0 0 1 0
]
0 0 0 0

(8)

In our model, the incoming solar radiation (𝑄̇sol (𝑡) =
𝐴𝑊 𝑄̇rad (𝑡)) is modelled with a single parameter (𝐴𝑤 ).
𝑄̇rad (𝑡) is the global horizontal irradiance at the weather
station, and 𝐴𝑤 includes the overall effective window
area and its solar heat gain coefficient. The actual heat
flow rate (𝑄̇hc (𝑡)) is calculated by multiplying a constant
efficiency parameter (𝜂ℎ𝑐 (𝑡)) to the calculated heat flow
rate (𝑄̇cal,hc (𝑡)). 𝑄̇cal,hc (𝑡) is the calculated heat flow rate
of heating/cooling system from the measured power
consumption data. We use calculated values because we
do not measure the actual heating/cooling rate but a
sequence of binary signals along with the power
consumption of the heat pump system. The
heating/cooling system in our test-bed has 4 operation
modes: (1) heat pump heating (htg), (2) auxiliary heating
(aux), (3) heat pump heating with defrost cycle (df), and
(4) heat pump cooling (clg). The operation mode
(𝑖hc (𝑡) ∈ {htg, aux, df, clg}) is decided based on the
thermostat setting and outdoor air condition.
𝜂htg
𝜂aux
𝜂hc (𝑡) =
𝜂df
𝜂
{ clg

heating and cooling respectively. This is acquired from
manufacturer’s catalogue data and modeled as a linear
function of outdoor air temperature (𝑇a ).
The continuous system [𝐀(𝜽), 𝐁(𝜽), 𝐂(𝜽)] is discretized
[𝐀d (𝜽d ), 𝐁d (𝜽d ), 𝐂d (𝜽d )] using 5-minute time-step
where (𝜽 ={𝐶e , 𝐶m , 𝐶i , 𝐶h , 𝑅ea , 𝑅im , 𝑅ie , 𝑅ih , 𝐴w , 𝑘ig ,
𝑘htg , 𝑘aux , 𝑘df , 𝑘clg , 𝝈𝑥 , 𝜎𝑦 }). Then, the discrete statespace model can be expressed as the following
probabilistic form (Eqs. 11–14) with noise parameters
(𝝈𝑥 , 𝜎𝑦 ). Here, measurement error noise 𝜎y is set to 0.5℉
according to thermostat sensor accuracy.

if 𝑖hc (𝑡) = htg
if 𝑖hc (𝑡) = aux
if 𝑖hc (𝑡) = df
if 𝑖hc (𝑡) = clg

(9)

The actual heat flow rates (𝑄̇hc (𝑡)) are:
𝑄̇htg = 𝜂htg 𝑄̇cal,htg = 𝜂htg 𝑘htg COPhtg 𝑃nom,htg
𝑄̇aux = 𝜂aux 𝑄̇cal,aux = 𝜂aux 𝑘aux 𝑃nom,aux
𝑄̇df = 𝜂df 𝑄̇df = 𝜂df (𝑘aux,df 𝑃nom,aux + 𝑘htg,df COPhtg 𝑃nom,htg )
𝑄̇clg = 𝜂clg 𝑄̇clg = 𝜂clg 𝑘clg COPclg 𝑃nom,clg
{

(10)

Initial parameter learning
For a discrete state-space model, the expectation of 𝑡 -step
ahead prediction (𝐱 𝑡|1:𝑡−1 and 𝑦𝑡|1:𝑡−1 ) can be
sequentially estimated through Eqs. 15 and 16 from 𝐱1
and 𝑦1 .
𝔼[𝐱 𝑡|1:𝑡−1 |𝐱 𝑡−1|1:𝑡−2 , 𝐮𝑡−1 ] = 𝑓(𝐱 𝑡−1|1:𝑡−2 , 𝐮𝑡−1 , 𝜽d )
(15)
= 𝐀d 𝐱 𝑡−1|1:𝑡−2 + 𝐁d 𝐮𝑡−1
(16)

𝔼[𝐲𝑡 |𝐱 𝑡|1:𝑡−1 ] = 𝑔(𝐱 𝑡|1:𝑡−1 , 𝜽d ) = 𝐂d 𝐱 𝑡|1:𝑡−1

The 𝑡-step ahead predictions with unknown state values
are compared with measured data. The initial parameters
are found based on the minimization of the sum of square
errors (Eq. 17). Sets of parameters are obtained by using
a differential evolutionary global optimization method
with random initialization (Mullen, Ardia, Gil, Windover,
& Cline, 2011). The best parameter set is chosen by
calculating the same 𝑡 -step ahead prediction for next
week’s data.
𝑁

𝜽d,init = arg min ∑[𝔼[𝑦𝑡 |𝐱t|1:𝑡−1 , 𝐮1:𝑡 ] − 𝑦𝑡 ]
𝜽𝐝

2

(17)

𝑡=2

In the Table 2, the bounds of parameter range and the
estimation results are shown. The solutions of Eq. 17 are
not unique according to their starting points though the
optimization results are similar. Thus, we repeated the
optimization 50 times and calculated the ranges that were
used to generate initial particles for the Liu-West filter.
The mean values are chosen based on best prediction for
next week’s data while the ranges are acquired from the
other solutions.

where 𝑃nom,htg , 𝑃nom,clg , and 𝑃nom,aux are nominal power
of heat pump heating, heat pump cooling, and auxiliary
heating. 𝑘htg , 𝑘aux , 𝑘df and 𝑘clg are effectiveness times
part-time-load factor ratio. 𝑘 × 𝑃nom is the measured
power, which is used to predict the power consumption
given a setpoint change. COPhtg and COPclg are the
coefficient of performance values of heat pump for
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Table 2: Parameter values (SI unit in parenthesis)
Parameter (𝜃, 𝜁)
𝑇𝑒0 [℉](℃)
𝑇i0 , 𝑇m0 , 𝑇s0 , 𝑇𝑛
[℉](℃)

Lower Upper
bound bound
30(-1) 70(21.1)
50
(15.5)

80
(26.7)

Estimation result
(Mean±SD)
30 ± 10 (−1 ± 5.5)
73 ± 5 (22.8 ± 2.78)
74.5 ± 5 (23.6 ± 2.78)
72 ± 5 (22.2 ± 2.78)
72 ± 5 (22.2 ± 2.78)

10000
1850 ± 200 (3513 ± 380)
(19000)
5000
𝐶i [BTU⁄F](kJ/K)
1050 ± 200 (1995 ± 380)
(9495)
65000
35000 ± 10000
𝐶m [BTU⁄F](kJ/K)
(66468 ± 18991)
(123441)
500
𝐶s [BTU⁄F](kJ/K)
400 ± 50 (759 ± 95)
(950)
𝑅ea , 𝑅ie
100
20 ± 5 (10.5 ± 2.6)
[F ⋅ S⁄BTU](K⁄kW)
(52.6)
60 ± 10 (31.6 ± 5.3)
5 ± 2 (2.6 ± 1)
𝑅is , 𝑅im , 𝑅n
1e-4
10
0. 025 ± 0.01 (0.013 ± 0.005)
[F ⋅ S⁄BTU](K⁄kW) (5.2⋅1e-5) (5.26)
2.5 ± 1 (1.3 ± 0.5)
𝐴w [−]
0
1
0.03 ± 0.005
𝜂ig , 𝜂htg , 𝜂aux
𝜂ig : 0.55 ± 0.1
0
1
𝜂df , 𝜂clg [−]
Others: 0.3 ± 0.05
𝐶e [BTU⁄F](kJ/K)

100
(190)
5
(9.49)
25000
(47477)
5
(9.5)
5
(2.6)

Particle filter update
Liu-west filter (Liu & West, 2001) is one type of particle
filter (i.e., Sequential Monte Carlo method), which
updates the posterior of state variables at current time (𝑡)
based on previous data (1: 𝑡 − 1) but is also capable of
updating the parameters at the same time (Liu & West,
2001). The joint distribution of state variables and
parameters (Pr(𝐱 𝑡 , 𝜽|𝐲1:𝑡 )) is updated on every iteration
from the previous data (Eq. 18).
Pr(𝐱 𝑡 , 𝜽|𝐲1:𝑡 ) ∝ Pr(𝐲1:𝑡 |𝐱 𝑡 , 𝜽) Pr(𝐱 𝑡 , 𝜽|𝐲1:𝑡−1 )
∝ Pr(𝐲1:𝑡 |𝐱 𝑡 , 𝜽) Pr(𝐱 𝑡 |𝐲1:𝑡−1 , 𝜽) Pr(𝜽|𝐲1:𝑡−1 )

(18)

(1:𝑁)

While the total 𝑁 number of state particles (𝐱 𝑡
) are
updated through the auxiliary particle filtering method
(1:𝑁)
with sampling weight (𝜋𝑡
), the parameters of each
(𝑛)
(𝑛)
particle (𝜽𝑡 ) are updated by adding noise ( 𝜁𝑡 )
generated by zero mean gaussian with diagonal noise
matrix (𝐖𝑡 ) (Eq. 19).
(𝑛)

(𝑛)

(𝑛)

𝜽𝑡 = 𝜽𝑡−1 + 𝜁𝑡
(𝑛)
𝜁𝑡 ~𝒩(𝟎, 𝐖𝑡 )

(19)

However, putting the parameters into the state vector ends
up with diffused variance, so the variance needs to be
corrected so that Var(𝜽𝑡+1 |𝑦1:𝑡 ) = Var(𝜽𝑡 |𝑦1:𝑡 ) = 𝐕𝜽,𝑡 .
By approximating the marginal posterior of parameter
distribution (Pr(𝜽𝑡 |𝑦1:𝑡−1 )) using a multivariate normal
gaussian kernel, the parameters can be updated as Eq. 20.
Pr(𝜽𝑡 |𝐲1:𝑡−1 ) ≈
(𝑖)

2
∑ 𝑤𝑡−1 𝒩(𝜽𝑡 |𝝁𝜽,𝑡|𝑡−1 , (𝑰 − 𝐒𝜽,𝑡
)𝐕𝜽,𝑡−1 )
𝑖=1

(3) We use a fixed noise matrix for parameter updates to
specify the update ranges of each timestep as 5% and 10%
of parameters’ standard deviations.
𝐖𝜽RC,u,𝑡 = diag(𝟎. 𝟎𝟓2 ), 𝐖𝜽sd ,𝑡 = diag(𝟎. 𝟏2 )

𝑁

(𝑖)

Figure 5. Modified Liu-West Algorithm for onlinebuilding model
The details of calculation are shown in Figure 5. In this
research, the original algorithm is slightly modified as
follows:
(1) We split the building physical parameters (𝜽RC ) ,
input-related parameters (𝜽u ) , and standard deviationrelated parameters (𝜽sd ), and then, 𝜽RC are sampled from
the covariance of previous values of all parameters while
the others (𝜽u , 𝜽sd ) are sampled from the variance of each
parameter as shown in Figure 5. It should be noted that
𝜽RC are related to each other through the heat transfer
process in each timestep while 𝜽u are not always
dependent to each other as 𝐮 are not always involved in
the process at every timestep.
(2) For the same reason, 𝜽u are not always updated as
shown in line 22 and 23 of Figure 5. For example, during
the heating process, 𝑘clg should not be updated.

(20)

(21)

We subtract the mean and divide by the standard deviation
(Table 2) to the real parameter values so that they are
sampled from similar gaussian distribution. Although the
original algorithm (Liu & West, 2001) derived a
simplified version of variance update/correction rule by
using a single discounting factor, we use the original
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update rule with 𝐖𝜽 (line 7, 14 in Figure 5) to specify
update ranges (Eq. 21).
(4) When there is missing data in 𝑦t or 𝐮𝑡 , 𝐱 𝑡 and 𝜽𝑡
particles are not updated until new data comes in.
Prediction
Figure 6 is a schematic diagram of the prediction process
with this model. With the recent states and updated
parameters from the particle filter, the next week’s energy
consumption is predicted based on a proposed setpoint
schedule and weather forecast.
In this model, the heating and cooling operation signal
(𝑖hc (𝑡)) is decided every time step based on the setpoint
and the predicted indoor temperature (𝑇i ) at the current
timestep. The thermostat model is composed of multiple
if-then-else rules, and some key rules in our thermostat
are outlined below:
• Heat pump heating is disabled when outdoor
temperature is lower than 5℉ (−15℃).
• Auxiliary electric heating is disabled when outdoor air
temperature is higher than 55℉ (12.8℃).
• When the setpoint is not met for 30 minutes with
heatpump heating, the auxiliar heating is activated.
• When outdoor temperature is lower than 32℉ (0℃),
the deforst cycle is activated. But, the cycling interval
is determined by sensor in outdoor unit.
• The minimum heatpump cycling time is 5 minute.

on the initial parameters. The left side (2018/01/22–
2018/01/28) corresponds to the training period, and the
results show good agreement with measured data. The
right side (2018/01/29–2018/02-02) is the prediction
period. Although the model captures the overall
temperature profile of the building response, oscillations
with an average of 1℃ are observed. Unobserved
disturbances such as infiltration or human body heat could
be associated with this discrepancy, but the overall
temperature of neighbouring spaces (𝑇n ) (yellow line) it
is expected to be the main cause because it is identified as
a single constant and not updated.

Modelling results

Figure 7: Temperature prediction in training period
Particle filter
With initial parameter ranges, 10000 particles of
parameter and state samples are generated and updated on
new data through Liu-West Particle filter. Figure 8 shows
the particle filter update for the beginning of the dataset.
The distribution of filtered sensor temperature state (𝑇s )
(2.5, 50, and 97.5% quantiles with blue and black lines) is
shown with measured data. Since the filter starts with
good initial parameters, the filtered state is in good
agreement with the measured data. In addition, the
median profile of interior mass (𝑇m ) and overall
neighbouring space (𝑇n ) temperature states are shown
with the green and yellow line, respectively. One of the
advantages of filter is the update of states distribution
every time step. Specifically, in this model (Eqs. 11–14),
𝑇n is modelled as unobserved fixed temperature for each
time step. However, its value would change for the next
time step. By updating the state distribution with new
data, the filter identifies the unobserved changes of 𝑇n as
shown in the yellow line of Figure 8.

Initial parameter learning
One-week (2018/01/22–2018/01/28) training data of one
household unit with outdoor conditions ranging from 30
to 50℉ is selected for learning the initial buildingphysical parameters (Table 2). With the bounds shown in
Table 2, we run the optimizer to get initial ranges of
parameters with 50 random initial starting points to
minimize the objective function (Eq. 17). The best set of
parameters are chosen based on the temperature
prediction for next five days (2018/01/29–2018/02/02).
The best set is used as the mean of the initial parameters,
and the other sets are used to specify the ranges as shown
in Table 2. Figure 7 presents a comparison of predicted
indoor temperature (𝑇i ) and measured data (𝑦𝑇i ) based

Figure 8. Particle filter for states
Figure 9 shows as an example the update process for one
parameter distribution (𝑅ea ). From the initial parameter
range, the samples are updated through the filter. This can

Figure 6:Prediction process
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be viewed as posterior distribution of parameter with the
data before the current time step (Eq. 18).

predicted states (𝐱̂ 𝑡 ), the next states 𝐱̂ 𝑡+1 are predicted
first, and then 𝑇̂n,𝑡+1 is corrected with 𝑇̂s,𝑡+1 (Eq. 22).
𝑇̂n,𝑡+1 = 13.5 + 0.416𝑇̂s,𝑡+1

Figure 9. Particle filter for parameter update
Parameter learning for cooling operation
The particle filter is online model, so it can learn new
parameters. Figure 10 shows the learning process of
cooling efficiency parameter (𝜂clg ) . As the initial
parameters are learned from the heating season, we do not
have information regarding 𝜂clg . In April, the green
period (1) in Figure 10 shows the first cooling operation
of the year in this unit. During period (1), the distribution
is significantly different, and then it slowly changes in
period (2).

Figure 10. Learning new parameter (𝜂𝑐𝑙𝑔 )
Approximation of future 𝑻𝒏
In Figure 8, the particle filter can identify unobserved
profiles of the overall neighbouring space temperature
(𝑇n ). However, the profiles are historic, and thus, it is
necessary to predict future profiles. Since this is the result
from the complex thermal dynamics of multiple
household units with different settings and behaviours, it
is impossible to predict the exact profiles for the future
without information from all the spaces in the building.
However, this temperature profile is related to the unit’s
sensor temperature (𝑇s ) because the changes in unit’s
temperature would affect neighbouring spaces’
temperature, too. Considering the impact of neighbouring
spaces to the unit is a slow process due to the large internal
mass (𝐶m ) and changes in 𝑇n within small ranges during
the whole season (i.e., 21–24℃) . However, we can
approximate 𝑇̂n with 𝑇̂s . Figure 11 shows the relationship
between identified 𝑇n and 𝑇s for one household via
particle filter during Jan–Aug 2018. Although there are
variations, they show a clear positive correlation. Thus,
we use a linear function to approximate the relationship
of predicted 𝑇̂n,𝑡+1 by predicted 𝑇̂s,𝑡+1 as shown in Figure
11. In other words, based on current input (𝐮𝑡 ) and

(22)

Figure 11. Approximation of neighbouring space
temperature from indoor temperature
Model validation via prediction
In Figure 12, the mean temperature prediction results
from the fixed model (green line, initial parameters from
system identification technique) and the updated model
(black line, updated parameters with particle filter) are
compared. In order to visualize the effect of the online
approach, we updated the model from the winter period
and the compared the predictions on summer data. Both
predictions start with the same filtered states from the
previous week but different system parameters and
neighbouring space model. For the fixed model, fixed
neighbour temperature and initial parameters are used.
The updated model uses an approximate model for the
neighbouring space temperature and updated parameters.
The fixed model’s root mean squared temperature
prediction error (RMSE) is 1.2℃, which is significantly
higher than the 0.35℃ RMSE of the update model.

Figure 12. Comparison of updated and fixed model of
mean temperature prediction for a week during summer
season
Eco-feedback scenario
In future work by the authors, the developed online model
will be integrated in smart user-interactive eco-feedback
systems with information visualization or voice control.
Such smart systems will be integrated in multi-unit
residential buildings to help residents make informed
decisions about their setpoint schedule considering the
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predicted energy use. In addition, this model will be
considered in the design of personalized feedback
messages and incentives to motivate energy conserving
behaviours. In this section, we present a simple scenario
to demonstrate the use of the model. With the updated
model from the previous week, residents can estimate
their expected energy consumption for next week if they
adopt a new setpoint schedule. Figure 13 shows the
predicted energy consumption from three setpoint
scenarios with uncertainties. The model is updated from
2018/01/01 to 2018/01/21, and the energy consumption of
2018/01/21–28 is estimated. The green distribution is the
energy consumption when the residents keep using the
current setpoint schedule (i.e., Home 23.3℃ , Away
21.7℃). The vertical line (63kWh) is the measured power
consumption of this period, and the prediction results are
63.5–69.8kWh (2.5–97.5% quantiles). These values are
quite close, and the small discrepancy comes from the
thermostat model error, unmeasured disturbances,
neighbouring space temperature, etc. The blue
distribution is based on an efficient setpoint scenario (i.e.,
Home 21.1℃, Away 18.3℃). Although this scenario is
during the winter period, only a small amount of heating
is required to maintain this setpoint. The red distribution
indicates the energy consumption for a wasteful setpoint
scenario (i.e., Home 26.1℃, Away 24.0℃). This is about
4 times higher than the current setpoint settings. It should
be noted that in this building, the heating energy
consumption in a unit is affected by the neighbouring
spaces. For example, without any heating, the unit’s
temperature is maintained near 20℃ during the winter
because hallway and adjacent neighbours are all
conditioned. Also, the location of thermostat in Figure 1
can explain this. The thermostat is far away from the
building’s exterior wall, so the average indoor
temperature could be lower than the thermostat
temperature. Finally, when the setpoint is not met for a
certain time (30 minutes) or the outdoor temperature is
low, the auxiliary electric heater is used instead of the heat
pump. This leads to extra energy consumption. For
example, in wasteful setpoint scenario, the heating energy
consumption is very large because the rate of temperature
increase becomes slower when the indoor temperature is
higher than the neighbouring spaces, and this leads to
extra energy consumption due to continuous operation of
the auxiliary heater.

Conclusions
In this paper, we presented a data-driven modelling
approach to predict the energy consumption with a new
thermostat behaviour (setpoint schedule) in a multifamily
residential building. The online grey-box model captures
the unobserved building boundary conditions and
evolution of parameters by using Liu-West particle filter.
The Bayesian sequential update feature of this model
allows estimation of the energy consumption based on a
new setpoint schedule, and it can be used for real-time
eco-feedback design.
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Abstract
Within the simulation of buildings’ energy performance, Occupant Behavior is often modelled only
through fixed and repeated profiles. The incorrect
simulation of occupant behavior can however lead to
the so called Energy Performance Gap both in new
and retrofitted buildings. In this work, we demonstrate how integrating real occupants’ profiles related
to the opening and closing of windows can positively
affect the results of the dynamic performance simulation of buildings. Within this scope, we modelled (Dymola, Modelica) two 10-apartments buildings and their HVAC systems, and simulated those
under two main scenarios, one with a fixed air change
rate through windows, one including opening and
closing cycles as monitored in the real building. Including realistic windows’ ventilation can improve the
simulation results, but a holistic occupant behavior
is highly necessary to get reliable and accurate buildings’ simulations.

Introduction
The energy performance gap (EPG) of buildings
(Galvin, 2014) is a well-known phenomenon and affects both new (Menezes et al., 2012; Dall’O’ et al.,
2012) and retrofitted buildings (Haas and Biermayr,
2000; Tronchin and Fabbri, 2008). Those buildings
are often less performing than predicted, while old
buildings, in contrast, use often less energy than expected. Dynamic building models are often used to
predict the energy performance of buildings more accurately than static energy balance procedures (e.g.
procedures described in guidelines and standards, to
produce energy labels). However, such dynamic models are often simulated using standard occupants’ profiles: the set temperature of rooms, the air change
rate through windows, the heat gains and the sun
blinds are often set to constant values, or varies following a given profile. Beside the advantage of better predictions of the energy performance of buildings, accurate occupants models could be integrated
in model predictive control systems of buildings to optimise HVAC operations and hence reduce energy use
and CO2 emissions of buildings, or could be implemented to test the interaction of one or more buildings with the energy grids in grid simulations (Molitor
et al., 2012), or for the purpose of testing hardware
(Molitor et al., 2012) or software in the loop (Moli-

tor et al., 2011). For those reasons, in recent years,
the scientific community is striving for implementing
consistent and robust occupant behaviour models into
the simulation of the buildings’ energy performance
(e.g. within the IEA Annex 66 and Annex 79).
Including proper models of occupant behavior (OB)
in buildings is connected to a high modelling and simulation effort, and the scientific community does not
yet have a holistic model to simulate OB. Effort has
been spent in understanding modelling the OB especially related to natural ventilation, and Fabi et al.
(2012) offer a optimal literature review on this topic
and put the basis for future development of OB models. In this work, we investigate how the inclusion
of real opening and closing cycles of windows within
a building energy performance simulation influences
the simulated energy performance, and hence try to
answer the questions:
• Can the inclusion of observed opening and closing window cycles in building energy performance simulation lead to better predictions of
the energy use in buildings?
• Can the only inclusion of opening and closing cycles of windows be enough to get accurate buildings’ energy performance predictions?
To tackle those research questions, we selected two
buildings (with different ventilation systems) from a
field test of nine buildings, described in details in Calı̀
et al., 2011a,b. We searched for models able to simulate the air change through open windows, and hence
tested and implemented three different models and
selected the most suitable model. Moreover, we simulated two main simulation scenarios and compared
those to the real energy use of the buildings. In a scenario no. one, the air change rate of the buildings is
constant, while scenario no. two, this varies depending on the observed windows’ state (open/closed) and
the average opening angle of windows (we selected
three average opening angles, 6◦ , 8◦ , 10◦ ). Models
and results of this paper are based on (Calı̀, 2016).

Models of the buildings and the HVAC
We modelled and simulated two buildings using the
simulation environment Dymola and the modeling
language Modelica. The models of the HVAC systems and of the building components are based on
the libraries developed at the RWTH Aachen University (Fuchs et al., 2015).
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Figure 1: Schematic overview of the buildings’ model
as presented in Calı̀ (2016).
The main simulation model illustrated in figure 1,
comprehends:
• a weather model,
• a building model, that includes the building’s
envelope (outer walls, windows) and the inner
walls, doors, and furniture,
• a model of the heating system, including generation, storage, distribution and delivery of the
heating energy,
• a model of the ventilation system, consisting of
a module for natural ventilation and air infiltration, and a module for mechanical ventilation
and a module for air infiltration,
• and an occupants’ model, to allow for the input of occupants presence and behavior profiles
(in this case the opening and closing patterns of
windows).
Description of the buildings
We selected 2 buildings out of a field test consist of
three big building blocks, each offering 3 entrances
to three buildings, with a total of 30 apartment per
building block (10 apartments per building) over five
floors (figure 2). Each apartment has a size of 72m2
of nominal floor surface (NFS, calculated based on
the German Standards following the EnEV procedure
(Deutsches Institut für Normung e.V., 2014)). The
buildings were built at the end of the fifties and were
retrofitted between 2009 and 2011. For the purpose
of this study, we selected building B2E3 (located in
building block 2) and building B3E1 (located in building block 3).
B2E3 16 cm insulation with λ = 0.021 W/(mK)
on the facade and on the floor of the pitched roof
and 8 cm insulation with λ = 0.024 W/(mK) on
the basement ceiling. B2E3 has double glazed windows with an U-Value of 1.3 W/(mK). The windows
are equipped with sun-blinds and daylight guidance
system. B3E1 has 4 cm insulation with λ = 0.021
W/(mK) and 4 cm vacuum panels λ = 0.008 W/(mK)
on the facade, with 16 cm insulation with λ = 0.021
W/(mK) on the base of the pitched roof and 8 cm in-

Figure 2: Floor plan of each floor (Calı̀, 2016).
sulation with λ = 0.024 W/(mK) on the basement
ceiling. B3E1 is equipped with triple glazed passive house windows and an average U-Value of 0.8
W/(m2 K). Also in B3E1, the windows are equipped
with sun-blinds with daylight guidance systems.
B2E3 is connected to a district heating network. The
heat is delivered to the rooms through floor heating
panels (the bathroom also offers a towel radiator),
each controlled separately in each room through a
micro heating pump. B2E3 is equipped with a central exhaust air ventilation system.
B3E1 is heated through a modulated, ground source
heat pump (equipped with CO2 heat probes). As for
B2E3, also in B3E1 the heat is delivered to the rooms
through floor heating panels (the bathroom also offers a towel radiator), each controlled separately in
each room through a micro heating pump. In B3E1,
each apartment has an own ventilation system: This
recovers the heat from the exhaust air that was extracted from the bathroom and the kitchen, and supply this heat to the supply air to the sleeping, the living and the children’s rooms. During standard operation mode, the ventilation system supply 70 m3 /h of
air and has a heat recovery factor up to η HR = 90%.
B2E3 is designed to use 45 kWh/(m2N F S a) while
B3E1 is designed to use 28 kWh/(m2N F S a) primary
energy for heating, ventilation and DHW production
(Calı̀, 2016). The rooms have been monitored in
terms of CO2 , VOC, temperature, humidity, illuminance, window state (open/closed) and light source
with a timestamp of one minute, for over 4 years
(2010-2014), while the energy flows for heating and
DHW were also monitored at building and apartment
level. Those monitoring data were used to validated
the models of buildings and of the HVAC components
(Wesseling, 2012).
Weather model
The weather model uses the collected data from a
weather station installed in B2E3. In the model, we
approximate the direct and the diffuse solar radiation, by using the observed global solar radiation from
the weather station as an input; the approximation
is based on the algorithm developed by Erbs et al.
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(1982)). Moreover, the weather model calculates, for
each side of the building, the direct solar radiation.
Model of the Building Structure
We modelled the building structure with a modular
approach. Walls, floors and ceiling are modeled based
on their structure in n-layers (where ”n” represents
a set of layers, each with a specific material), hence
considering both heat transmission and heat capacity
for each single layer. Detailed windows’ and doors’
heat transmission models are integrated in the wall
models. In addition, we added in each room a thermal mass in order to reproduce the effect of the heat
capacity of the furniture.
Model of the Heating System
A floor heating model developed and validated
through field test data in (Wesseling, 2012) was used
for delivering the heating energy to the rooms. A PIcontroller, controlling the volume flow of the heating
water into the radiant surfaces, ensure the set temperature in the rooms is reached, emulating the control of the installed micro heating pumps. As in the
real buildings, also the simulation model has a hot
water tank with a capacity of 750 l, used for the heating system. A circulation pump installed between
the tank, the floor heating and the radiators is also
modeled. To simulate a connection to the district
heating (DH) network, the hot water tank of B2E3
is heated through an ideal hot water source, with a
fixed temperature, and a heat meter (HM) measures
the energy used by the heating system (figure 3).

Figure 3: Model scheme of the heating system of
B2E3 with a hot water tank in the center (Calı̀, 2016).

Model Heliotherm HP28E-WEB), following the specifications and the characteristic curves provided by
the heat pump producer. B3E1 also has a hot water
storage of 750 l (figure 4); in this model, the coefficient
of performance, the produced heating energy and the
consumed electrical energy are calculated based on
the characteristic curves provided by the HP producer, hence we take into account the dependency of
the COP both on the condenser temperature and on
the evaporator temperature. The heat source of this
heat pump, consisting of 12 direct evaporation CO2
ground heat probes, has not been modeled: instead,
the heat pump has a fixed temperature boundary on
the evaporator side, set at 8 ◦ C.
Air Node Model
The standard Modelica air node model represents a
volume of ideally mixed air. We upgraded this model
in order to include both the moisture in the air and
the concentration of the carbon dioxide. The model of
the volume of air is thermally connected to the walls
and to the heat sources (floor heating for all rooms,
floor heating and a radiator in the bathroom) and can
be connected to moisture and carbon dioxide sources.
Through apposite interfaces, the air exchange with
the ventilation system, the windows, the doors and
the façade (for air infiltration) is integrated in the
simulation.
Mechanical Ventilation System Model
B2E3 has an exhaust air ventilation system, where
the air enters the apartment through apposite window frame slots located in windows in the bedrooms,
living rooms and children’s rooms; then, the air
flows through the corridor, before it get extracted in
kitchens and bathrooms. For simplicity (we do not
know the air pressure on each facade, nor the position of the doors), the air flow is considered to be
ideal and to flow as planned (the doors have apposite openings for air circulation). We hence ignore
changes in the air flow caused by special configurations of the state (open/close) of windows and doors.
For B2E3, we consider the air constantly flowing as
follows:
• from the outdoor to the living, sleeping, and
children’s, room respectively with 30 m3 /h, 20
m3 /h and 20 m3 /h,
• then flowing from those rooms to the corridor,
• finally extracted in the kitchen and the bathroom, with 35 m3 /h each room.

Figure 4: Model scheme of the heating system of
B2E3 (Calı̀, 2016).
In B3E1 we modelled a modulated heat pump (HP,

Each apartments in B3E1 has a heat recovery unit.
We modelled this unit as an air to air heat exchanger
(where the overall coefficient of heat transfer of the
heat exchanger depends on the geometry of the heat
exchanger and on the heat transfer coefficient α of
each side of the heat exchanger), following the VDI
”Waermetlas” (VDI, 2002). Calı̀ (2016) offers a description of our implementation of this model.
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Frequency density

In order to check the validity of our ventilation models
(the heating system model was validated in Wesseling (2012)), we simulated, under four scenarios, the
model of a children room, intended as the combination of the air node and the construction elements
(walls, ceiling, floor, windows and doors). We hence
compared the simulated indoor temperature to the
observed room temperature. The temperature of adjacent rooms is set as recorded by the monitoring system. The room is simulated together to the weather
model, hence the observed weather is provided as an
input. The comparison is made for May 2013 (no
heating). The four simulated scenarios are described
Table 1: description of the simulated scenarios
Scenario
No. of
Window
Blinds
Occup.
vent.
automat.
1
0
No
No
2
1
No
Yes
3
0
Yes
Yes
4
1
Yes
Yes
in table 1 and differ in terms of presence of occupants
(producing internal gain), modelling of natural ventilation and automatic use of blinds. The results of the
four scenarios can be found in Calı̀ (2016), while here
we only compare scenario 1 (S1) to scenario 4 (S4).
Figure 5 shows the observed and the simulated room
temperature under S1, both in form of histograms
and of time series: the room has no occupants, the
ventilation is considered running constantly at standard values (nACH,tot =0.55 1/h and the shading system is off. Compared to the observed room temperature, the simulated temperature under S1 shows
higher peaks (due to excessive solar gains, not avoided
by the blinds) and has no temperature drops due to
natural ventilation (opening of windows).
In S4 (figure 6), the room is simulated with the constant presence of one occupant; the ventilation is simulated as under S1 and the shading system is active
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From the literature, we selected three models able to
simulate the air exchange through windows without
simulating the entire fluid dynamic: A model is based
on the European standard DIN-EN-15242 (2007), a
model based on laboratory measurements and developed by Hall (2004), a model (developed mainly for
summer time ventilation) deployed by (Schnieders,
2003). A comparison of those models, motivating our
choice, is provided in Calı̀ (2016). We have chosen
the model described by the European standard DINEN-15242 (2007), which offers a general approach to
model the air change through the windows, for any
window opening angle. The volume flow is modeled
based on the geometry of the window, the wind turbulence, the wind speed and the thermal buoyant forces.
There is no distinction between classic opening and
tilted opening of the window.
Check of the room model
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Figure 5: S1, observed vs. simulated room temperature in a children room, Calı̀ (2016)
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Figure 6: S4, 0bserved vs. simulated room temperature in a children room, Calı̀ (2016)
and shades the window as soon as the direct solar
radiation on the window is over 500 W/m2 . Under
S4, the observed and the simulated room temperature
correlate better than for all other scenarios: the shape
of the frequency density histograms of the observed
and the simulated temperature are similar, the histogram of the frequency density of the temperature
difference (simulated - observed temperature) is narrow and almost centered, the temperature profiles are
similar.
Looking at the temperature profiles in figure 6, we
can see how some days the model fits the reality, while
in other days the simulated temperature is over 1 K
higher than the real temperature. A comparison between S3 and S4 (Calı̀, 2016) demonstrates how sensitive the model is to the presence of one occupant (and
hence to the heat this occupant generates: however,
no information about the real occupancy of the apartments is available. Also, the use of the blinding system plays strongly affects the room temperature, as
verified by comparing the results of S1 and S2 (Calı̀,
2016). However, also information about how the occupants interacted with the blinding is not available.

Energy Performance Simulation
The simulations results illustrated in this work are
obtained under the following settings:
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• The cellar temperature is set to 16◦ C;
• The stairs temperature is set to 18◦ C;
• The temperature of the ground, used ad heat
source of the heat pump, is constantly set to 8◦ C;
• The temperature of the apartments in the neighboring entrance is set to 22◦ C;
• Constant internal gains set to 5 W/m2 as recommended in the DIN standard 4108-6;
• Wind direction is not considered (the wind has
the same speed on each side of the building);
• In each room, the furniture is modeled as a
100kg mass of wood.
The two buildings were simulated under real weather
conditions in the heating period between 2012 and
2013 (we refer here to the heating period, as the period between January and April, and between October and December). The buildings were simulated
under two main scenarios:
1. Scenario 1 (S1): Ventilation through constant air
change rate (nACH,tot 0.55 1/h for B2E3, nACH,tot
0.6 1/h for B3E1. Those values are based on the
DIN standard 4108-06 and include both natural
and mechanical ventilation).
2. Scenario 2 (S2): Constant mechanical ventilation
(nACH,mech 0.4 1/h for B2E3 as implemented in
the real buildings, nACH,mech 0.3 1/h for B3E1
(however, in real buildings occupants can still
switch off the ventilation system, or switch it on in
standard (0.3 ACH) and max (0.6 ACH) mode),
variable air infiltration, real window state profiles
for natural ventilation.
Since the real opening angle of the windows was not
monitored, and Windows in tilted state have an opening angle between 3 and 5 (Fritzner, Klaus, Finke, Ulrich, 2012), we simulated 3 sub-scenarios with different opening angles, to simply represent possible combinations of tilted and completely open windows:
• Scenario S2.A β=6◦ ,
• Scenario S2.B β=8◦ ,
• Scenario S2.C β=10◦ .
Figure 7 provides an extract of the key monitoring
data of the buildings. For B2E3 only for 60 windows’
panels the state was correctly registered, out of the 70
monitored window panels (children rooms and sleeping rooms have each two independent opening panels
plus a third secondary panel, that can only be opened
when the first panel is open; the secondary panel was
not monitored). For the remaining 10 window panels,
no information is available. For B3E1, the position
of 67 window panels is known. Within the simulation, the window panels for which the position is unknown, are simulated as closed; as a consequence, the

Mean indoor temp.
in °C

B2E3
B3E1

2012
2013
2012
2013

Entire
year

Heating
period

22.4
22.3
23.5
23.7

21.5
21.6
22.6
22.9

No. of Windows
Mean time with Windows Open
with sensor failure
Heating period
Entire year Heating period incl. sensor
Abs.
Rel.
failures
26.9%
9.0%
7.7%
10
14%
24.6%
7.5%
6.4%
29.7%
9.9%
9.4%
3
4%
26.7%
7.7%
7.4%

Figure 7: Observed average indoor temperature, average time of windows in open state, number of windows
with sensor failure (no data available), Calı̀ (2016).
Heating energy use of the buildings
We compare here the simulated heating energy use
of B2E3 and B3E1, for all scenarios, to the observedone.
Figure 8 shows the observed and the simulated heating energy use for B2E3 in the year 2012 (up) and
2013 (buttom). The simulation scenario with natural ventilation leads to more realistic results than the
scenario with a constant air change rate for both simulated years. In particular, S2.B can best reproduce
the real energy use observed in 2012, while S2.C can
best reproduce the energy use in 2013. Moreover, depending on the month, S2.A, S2.B or S2.C may better
reproduce the real energy use. This can be explained
by changes in behavior of the occupants, e.g. related
to different window opening angles (tilted, completely
open) depending upon the outdoor temperature, different use of the shading system and different settings
for the heating system, as explained in Calı̀ (2016).
10
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8
0.8
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Further, we used the following boundaries:

overall average time with windows open is artificially
reduced. Figure 7 shows the average time with windows open, is calculated based only on the window
panels for which the data is available.
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• The rooms set temperature is set to 20◦ C;
• Shading system: off;
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Figure 8: B2E3: Observed energy use (red), simulated
energy use under S1 (grey), simulated energy use under S2: The golden bars represents S2.B (β=8◦ ), the
error bars the results of S2.A (β=6◦ , lower error bar)
and S2.C (β=10◦ , upper error bar), Calı̀ (2016)
The observed and the simulated heating energy use
for B3E1 in the year 2012 and 2013 are shown in Figure 9. In this case, the results are ambiguous. B3E1
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Figure 9: B3E1, same legend as figure 8, source: Calı̀
(2016)
reduces by over 20 % the monthly average energy use
from 2.4 kWh/(m2 M) to only 1.9 kWh/(m2 M), even
if the heating period 2013 was colder than the heating period 2012. We can explain this change partly
by a change in behavior regarding the natural ventilation. The time with opened windows changes for
B3E1 from 9.9 % to 7.7 %, as shown in figure 7. However, during the heating period, the observed average
indoor temperature is 0.3 K higher in 2013 than in
2012. Due to the weather conditions, scenario S1 predicts higher energy use for 2013 than for 2012, while,
the inclusion of the observed windows opening cycles
in scenario S2 mitigates this effect and correctly predicts a lower energy use for 2013 compared to 2012,
as for the real, observed energy use.
During December 2012, January and February 2013,
none of the scenarios is able to reproduce the observed
heating energy use for B3E1. All in all, for 2012, scenario S2.A best reproduces the observed heating energy use. On one hand, for the heating period 2013,
scenario S1 has the smallest average error referred to
the observed heating energy use. On the other hand,
if we exclude the first two months of 2013, Scenario
S2.A again best follows the seasonal changes of the
observed energy use.
Considering both heating periods, S2.A can better
reproduce the observed heating energy use for B3E1:
the observed average monthly heating energy use is in
fact equal to 2.2 kWh/(m2 M), the simulated energy
use under S1 is equal to 1.7 kWh/(m2 M), under S2.A
is equal to 2.4 kWh/(m2 M).
Moreover, while for B2E3 a larger window opening
angle (8◦ for 2012 and 10◦ for 2013) provides the best
prediction of the energy use, for B3E1 6◦ is the most
realistic opening angle (and most likely 5◦ would be
more appropriate to simulate B3E1 in 2013): the difference could derive by different OB, especially in respect to the use of windows. However, the bigger
opening angle for B2E3 under S2 is probably mostly
due to the fact that the data of 10 windows pan-

The integration of the occupants’ behavior in dynamic building simulations can help differentiating
occupants impact on the energy performance of single
dwellings. We therefore compare here the observed
and the simulated heating energy use of the single
apartments.
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els was missing (while only 3 panels are missing for
B3E1), and those windows were therefore (unrealistically) considered as closed. Therefore, the higher
window opening angle probably compensates this underestimation of windows in open state.
Regarding the total energy use in buildings, the integration of a simple natural ventilation model for
window opening cycles can lead to more realistic predictions of the heating energy use of buildings within
a building energy performance simulation. However,
the average window opening angle can have a huge
impact on the simulation results. Hence, this aspect
should be further analyzed in future demonstration
studies, where the opening angle of windows could be
monitored.
Heating energy use at apartment level

qh in kWh/m²

qh,B3E1 in kWh/m2
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Figure 10: Energy use and related standard deviation
for the apartments of B2E3 (top) and B3E1 (bottom)
during 2012 (left) and 2013 (right), Calı̀ (2016).
Figure 10 shows the average heating energy use during 2012 and 2013, and the related standard deviation, for the apartments located in B2E3 and B3E1.
Under S1, the differences in the heating energy use
values among the apartments are due to the location
of the apartments in the buildings. Five apartments
of B2E3 have a North orientation of the gable. The
differences among apartments are smaller in B3E1,
where the gable is oriented to the south, and the
window of each sleeping room (of these gable apartments), is South oriented (for the other apartments
the windows in sleeping rooms are East oriented):
hence, the apartments on the gable have more transmission surface to the outside compared to the other
apartments;, but, however, these apartments receive
greater solar gains through the windows in the sleeping rooms).
The differences between heating energy use among
the dwellings are clearly bigger for S2 than for S1:
On one hand, through the implementation of real
windows’ opening cycles, we can hence successfully
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integrate the occupants’ behavior into the simulation results. On the other hand, a comparison of
the observed and the simulated heating energy use,
apartment-wise, demonstrates how the profile of windows alone cannot guarantee a perfect representation
of the energy use of each apartment. The heating
energy use values of each apartment of B3E1 during
2012 are, as an example, visualised in figure 11. While
S2.A can more realistically reproduce the observed
heating energy use than scenario S1 for 6 apartments
(A1, A2, A6, A7, A9, A10), for four apartments (A3,
A4, A5, A8) we can observe an opposite situation.
Interestingly, apartment A4 was not heated during
the entire heating period, but under scenario S2.A,
the heating energy use of this apartment is almost 3
times greater than under scenario S1: probably, the
apartment has high internal gains, the occupants keep
windows open for a relatively long time, and do not
use the heating system. In contrast, apartment A3 is
heated more under S1 than S2.A, but the observed energy use is even higher than the simulated one. Probably, in this apartments the occupants ventilate the
rooms with completely open windows for short time
periods (a higher opening angle of the windows would
better match the observed energy use) or has higher
set temperatures for the heating system, lower internal gains, or to different settings of the ventilation
system.
Observed

50.0

Scenario 1

Scenario 2.A

B3E1, 2012

45.0
qh in kWh/m²

40.0

35.0
30.0
25.0
20.0
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Figure 11: Observed and simulated heating energy use
of the apartments in B3E1 in 2012 (Calı̀, 2016).

the modeling of the occupant behavior as a whole.

Conclusion
Natural ventilation models can lead to two main
benefits when simulating the dynamic performance
of buildings: better predictions of the energy use,
and a diversity in the energy use among identical
apartments. However, as expected, the prediction is
still relatively imprecise, when focusing on individual
apartments. Yet, occupants affect the indoor environment and also the performances of the buildings
through their own presence, the production of internal gains, the temperature settings, the settings of the
ventilation system and the use of sun blinds. Hence,
the differences between simulated and observed energy use at apartment level are not surprising.
Particularly relevant is how the occupants’ simultaneous interactions with sun blinds, settings of the
HVAC system and windows can generate issues, when
the real behavior of window opening is simulated but
the other activity ignored. In some cases, occupants
might leave the windows open over a long period while
keeping the heating switched off: hence, the simulation still strives to achieve the standard set temperature of 20 ◦ C, generating an unrealistically high heating energy use.
In conclusion, including an occupant behavior model
related to the natural ventilation habits of occupants
is a valuable step in the generation of more realistic simulation models of buildings; However, a holistic approach to simulate the behavior of occupants
should be preferred. In Calı̀ et al. (2018) a method
to generate realistic window state profiles, based on
the Markov chain technique and making use of the
monitored data from this field test, is proposed, evaluated and discussed. When occupancy profiles are
known, logistic regression models (Calı̀ et al., 2016)
or mixed effect models (Haldi et al., 2017) could be
used to simulate the human interaction with windows.
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Abstract
Studies about temperament type in psychological field
can be applied to indoor thermal environment control.
Experiments on thermal discomfort complaint show that
in the four typical temperament types, people having
sanguine temperament are more likely to submit
discomfort thermal complaints. A model for predicting
the probability of submitting discomfort thermal
complaints using skin temperature and considering
people’s sanguine temperament scores is developed for
optimizing the thermal environment control. The
performance of indoor thermal environment control based
on discomfort thermal complaints probability is simulated
with different temperament type in Matlab Simulink
environment. Optimal thresholds of discomfort
complaints probability are obtained for the people with
different sanguine temperament scores by simulation. A
simple linear equation between the optimal complaint
thresholds and the scores of sanguine temperament is
fitted, which is useful for field application to achieve
optimal control of indoor thermal environment
considering people’s temperament with a simple rule.

Introduction
The present indoor thermal environment control
commonly uses the temperature set points given by room
occupants. However, field investigation (Wang et.al.,
2014) shows that half of the temperature settings are out
of the comfort range recommended by standards and
design handbooks (ASHRAE, 2017), which causes not
only uncomfortable overcooling/overheating thermal
environment but also energy waste. To solve this problem,
the authors proposed an alternative method that controls
the thermal environment based on occupants’
uncomfortable thermal sensation instead of temperature
settings. The thermal sensations are input from an
interface on a smart phone, computer, etc., when they feel
thermally uncomfortable.
The probability of occupants submitting discomfort
complaints is quite related to their temperament types.
With the knowledge in the field of ergonomics, it can be
supposed that the complaint frequency in indoor thermal
environment differs depending on occupants’
temperament type. According to the trait theory
developed by Eysenck (1947), people’s temperament can
be divided into four types, which are named sanguine,

choleric, phlegmatic and melancholic. People with
sanguine temperament are active, which can be defined as
extroversion-stable neuroticism. Choleric people are
more likely to get angry, which can be defined as
extroversion-instable neuroticism. Phlegmatic people
response slowly to the change outside, which can be
defined as introversion-stable neuroticism. Melancholic
people are more depressed than others and can be defined
as introversion-instable neuroticism.
The goal of indoor thermal environment control should be
to ensure the thermal conditions are comfortable enough
that no discomfort complaint occurs. So the control
method should be able to reduce the discomfort complaint
as much as possible. However, because of the diversity of
human beings’ comfort range, for a multi-occupied room,
there might not exist a commonly comfortable
temperature. At this situation, the people with higher
sanguine temperament tend to complain more times and
the control system without considering temperament will
tune the room temperature only according to the
complainers. This is unfair to the people that complain
less and the uncomfortable temperature might decrease
their productivity. The purpose of this study is to find out
the relationship between people’s temperament and the
behaviour of submitting thermal discomfort complaint.
And on this basis, a model for predicting the probability
of thermal discomfort complaint considering different
temperament scores is developed. Based on the model,
simulation is conducted to determine the optimal control
parameter, which is the threshold of thermal discomfort
complaint probability considering temperament type. The
contents of this paper include the following parts: firstly,
the model of predicting thermal discomfort complaint is
explained; Then the experiments used to fit the
parameters in the model are described; Finally the how
the optimal control parameter is determined by simulation
is described.

Modelling the probability of thermal
complaint considering temperament type
Wang (2016) proposed a model for predicting the
probability of a human behaviour of operating an indoor
environment control device, as shown in Equation 1.
𝑃 = 1 − 𝑒 −𝜑(𝑥)∆𝜏

(1)

Where,
𝑃 − Probability of a human behavior
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φ(𝑥) − The stimulation to trigger a behaviour . The x
represents the stimulus, for example the temperature
threshold to trigger a hot/cold complaint, the
illumination to trigger turning on the lights, etc.
∆𝜏 − Time of accumulating the stimulation
Based on this model, a model to predict the probability of
submitting thermal discomfort complaint can be
developed considering human being’s psychological
factor. The stimulation is the deviation of human skin
temperature from the comfort range. This deviation has a
psychological impact on users behaviour of submitting a
thermal
discomfort
complaint.
According
to
psychological research, the power law can be used to
describe the impact of the deviation on human behaviour,
as shown in Equation 2 (Kantowitz, et al., 2009).
𝑆 = 𝑎(𝐼 − 𝐼0 )𝑏

(2)

Where,
S - Psychological quantity reflecting the strength of the
stimulus
I - Environment stimulus
I0 - Threshold of the environment stimulus
a, b - Empirical coefficient
Thus, the probability model of thermal discomfort
complaints of hot/cold with the change of the skin
temperature is put forward as follows:
0
𝑡𝑠𝑘𝑖𝑛 ≥ 𝑡0,𝑐𝑜𝑙𝑑
P𝑐𝑜𝑙𝑑 = {
𝑏(𝑠)
1 − 𝑒 −𝑎(𝑠)(𝑡0,𝑐𝑜𝑙𝑑 −𝑡𝑠𝑘𝑖𝑛 )
𝑡𝑠𝑘𝑖𝑛 < 𝑡0,𝑐𝑜𝑙𝑑
′

Pℎ𝑜𝑡

𝑏′ (𝑠)

−𝑎 (𝑠)(𝑡𝑠𝑘𝑖𝑛 −𝑡0,𝑐𝑜𝑙𝑑 )
𝑡𝑠𝑘𝑖𝑛 > 𝑡0,ℎ𝑜𝑡
= {1 − 𝑒
0
𝑡𝑠𝑘𝑖𝑛 ≤ 𝑡0,ℎ𝑜𝑡

(3)

Where,
Pcold – Probability of cold complaint
Phot– Probability of hot complaint
t0,cold - Skin temperature threshold of cold complaint (oC)
t0,hot - Skin temperature threshold of hot complaint ( oC)
tskin - Skin temperature (oC)
s - Score of expressing a user’ temperament type (-)
The coefficients of a, b, a’ and b’ in the Equation 3 need
to be determined according to users’ individual
characteristics. Experiments were conducted to collect
data for fitting the coefficients of a, b, a’ and b’. For the
purpose of considering a user’s individual characteristics,
the values of the coefficients of a, b, a’ and b’ are the
function of the user’s temperament type s.

Experiments
In order to find the relationship between complaints and
subjects’ temperament, experiments were conducted
before the simulation. In total 18 subjects were recruited
and were divided into 6 groups. Each subject needs to
complete 5 experimental units. Before the experiment
started, all subjects were tested with a psychological
questionnaire consisting of 60 questions to check their
temperament types (Zhang and Chen, 1985).

Corresponding to each question, the subject gets score 2
for voting “very consistent”, score 1 for voting “slightly
consistent”, 0 for “neutral”, -1 for “slightly not consistent”
and -2 for “not consistent”. The results of each subjects’
scores for the four parts of temperament type are as shown
in Table 1.
Table 1: Scores of experiment subjects’ temperament
type
Subject
No.
01
02
03
04
05
06
07
08
09
10
11
12
13
14
15
16
17
18

choleric
11
-2
13
-2
-1
-4
-2
-1
-6
11
0
-3
1
2
12
10
-3
3

sanguine t phlegmatic
4
11
19
-2
-6
6
6
1
8
4
5
11
-6
11
3
3
2
9

7
7
1
7
7
4
6
7
9
7
7
0
2
-4
1
-10
13
1

Melan
cholic
14
-5
6
4
11
0
13
10
12
14
-1
-15
8
-7
14
0
-3
-1

If the score of a certain part of temperament is obviously
higher than the other three (difference≥4), the subject
tends to be this kind of temperament. If the scores of two
or three parts of temperaments are similar (difference≤3)
and are obviously higher than the others (difference≥4),
then the subject tend to be the two-type-mixed
temperament.
After obtaining the subjects’ temperament scores, the
experiment of control based on thermal sensation
expression started. The experiment procedure is shown in
Figure 1. After the test bed is ready, three subjects entered
the experimental room, conducted their usual office or
study activities, and complained when they felt cold or hot
through the Human Machine Interface (HMI, Figure 2) on
the smart phones. The duration of each experimental unit
was 4 hours.

Figure 1: Procedure of the experiment of control based
on thermal sensation expression
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13
14
15
16
17
18
Figure 2: The HMI for subjects to express discomfort
thermal sensations
Relations between complaint times and temperament
type
The temperament test results and complaint times are
shown in Table 2. In order to find out the relations
between users’ temperament type and thermal complaint
times, the four temperaments scores are associated with
the average complaint times per capita, as shown in Table
3.
From the Table 3, it can be found that subjects’ thermal
complaint behaviour is more closely related to the
sanguine temperament. So the relations between the score
of sanguine temperament and the complaint times is
correlated, as shown in Figure 3.
From Figure 3, it can be learnt that people’s thermal
complaint behaviour is positively correlated with the
score of sanguine temperament, which means that people
more sanguineous tend to express their thermal
complaints more.
It should be noted that Figure 3 is only used to show that
the people with higher sanguine score tend to complain
more times. The correlation formula shown in Figure 3 is
just used to show the correlation level but is not used in
the later analysis. The experimental data are used to fit the
coefficients of a, b, a’ and b’ shown in Equation 3. The
fitted coefficients for each experiment subject are shown
in Table 4.

1.50
1.17
1.17
5.29
1.43
1.14

1.00melancholic
1.00sanguine
0.54melancholic+0.46choleric
1.00choleric
1.00phlegmatic
1.00sanguine

Table 3: Daily average complaint times vs temperament
of experiment subjects
Complaint Times (Per
capita)
6.95
4.96

Temperament
sanguine temperament
choleric temperament
phlegmatic
temperament
melancholic
temperament

4.38
3.92

Figure 3: Daily average complaint times vs the scores of
sanguine temperament
Table 4: Value of Different Users’ Coefficients

Table 2: Complaint times and temperament of
experiment subjects
Subject Complaint Times
Temperament
No.
(daily average)
01
1.50
0.56melancholic+0.44choleric
02
8.13
1.00sanguine
03
2.25
1.00sanguine
04
3.63
0.64phlegmatic+0.36melancholic
Cold
05
2.00
1.00melancholic
comp06
1.75
0.60sanguine+0.40phlegmatic
laint
07
0.00
1.00melancholic
08
0.60
0.59melancholic+0.41phlegmatic
0.41melancholic+0.31phlegmatic
09
0.80
+ 0.28 sanguine
10
1.00
0.56melancholic+0.44choleric
11
0.00
0.58phlegmatic+0.42sanguine
12
0.00
1.00sanguine
Hot

t0 (℃) R^2

Sanguine
scores

User

a

b

1

0.087

1.144

32.25

0.983

15

2

0.072

1.592

33.25

0.816

11

3

0.062

2.008

31.75

0.782

19

4

0.348

1.019

32.75

0.993

17

5

0.225

0.941

32.25

0.993

14

6

0.519

0.819

34.25

0.984

6

7

0.167

0.439

34.25

0.999

6

10

0.014

2.835

32.75

0.906

4

13

0.075

0.247

33.25

0.989

-6

14

0.067

2.319

34.25

0.980

3

15

0.044

0.143

33.25

1.000

3

17

0.150

0.589

32.75

0.997

2

18

0.005

3.048

34.75

0.738

-5

3

1.234

0.803

32.25

1.000

19
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complaint

6

0.227

0.698

32.25

0.995

6

8

0.061

0.524

31.75

0.980

1

9

0.015

4.008

32.75

0.963

8

13

0.101

0.205

31.25

0.918

-6

15

0.091

0.194

31.25

0.985

3

16

0.001

7.047

30.25

0.958

11

Simulation
The purpose of simulation is to find out the optimal
control parameters for the control of indoor thermal
environment considering room occupants’ temperament
type. Because those who are more likely to complain will
obviously complain more times during indoor thermal
environment control, which leads to the control of being
dominated by these “complaining-likely” people. A
solution for this issue is to set a specific complaint
probability threshold P0 for each person considering their
temperament type. The person who gets a higher score of
sanguine temperament is more likely to complain,
therefore a higher P0 value is used to prevent the tendency
of “complaining lovers” becoming leading roles in the
indoor thermal environment control. The simulation here
is used to find out the optimal complaint probability
threshold P0.
Simulation model
The simulation model was built in the environment of
Mablab Simulink. The model includes the following 9
parts, as shown in Figure 4.
1) Room thermal dynamics
This model is used to simulate the thermal dynamics of
indoor environment. The inputs are the heating/cooling
power of the Air-conditioning (AC) system and the
climate data. The outputs are the room air temperature.
The thermal dynamics are simulated using the indoor
temperature differential equation.
2) Controller

This module is responsible for simulating the control
commands of on/off of the AC. With the deviation
between the air temperature and the temperature setting,
Proportional, Integral and Differential (PID) logic is used
to calculate the duty ratio of the AC.
3) AC system
This module is used to simulate the heating/cooling power
provided by AC system according to the duty ratio output
from the controller module.
4) Skin temperature
Human body thermal balance model is used to predict a
user’s skin temperature given the room air temperature,
metabolic rate, and clothing level.
5) Thermal complaint probability
Using of the cold/hot complaint probability model
described former, the complaint probability P of an user
can be simulated given the skin temperature output from
the skin temperature module.
6) Complaint probability threshold
The complaint probability threshold P 0 is calculated
according to the scores of users’ sanguine temperament
type.
7) Complaint
When the complaint probability from the thermal
complaint probability module is larger than the threshold
P0, a complaint vote might occur with the complaint
probability.
8) Room temperature setting
Fuzzy control logic is used to give out the room
temperature setting given the deviation of thermal
complaint probability P from the threshold P0 and the
thermal complaint probability change rate with time
∂P/∂τ.
9) Thermal complaint probability model update
This module is used to update the probability model
according to users’ hot/cold complaints and skin
temperatures by an on-line learning algorithm.

4) Skin temperature
6) Thermal complaint
probability threshold
1) Room thermal
dynamics

3) AC system

2) Controller

5) Thermal complaint
probability

7) Thermal complaint

8) Room temperature setting

9) Complaint probability model update
Figure 4: Simulation model for optimizing the control parameters of indoor thermal environment considering users’
temperament type
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Simulation results
The simulation results of the typical control process are as
shown in Figure 5.

benefit to economic loss as the optimization objective.
The optimization objective function is shown in Equation
4 to 7 using the Gross Domestic Product (GDP).
𝑂𝑏𝑒𝑗𝑒𝑐𝑡𝑖𝑣𝑒: Max

∆𝐺𝐷𝑃𝐸

=

∆𝐺𝐷𝑃𝑊
𝐶𝑜𝑠𝑡 𝑠𝑎𝑣𝑖𝑛𝑔 𝑏𝑦 𝑒𝑛𝑒𝑟𝑔𝑦 𝑐𝑜𝑛𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛

𝐸𝑐𝑜𝑛𝑖𝑚𝑖𝑐 𝑙𝑜𝑠𝑠 𝑏𝑦 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦 𝑑𝑒𝑠𝑐𝑟𝑒𝑚𝑒𝑛𝑡

∆𝐺𝐷𝑃𝐸 =

𝐸𝑛𝑒𝑟𝑔𝑦 𝑠𝑎𝑣𝑖𝑛𝑔
𝐸𝑛𝑒𝑟𝑔𝑦 𝑢𝑠𝑒 𝑝𝑒𝑟 𝐺𝐷𝑃

∆𝐺𝐷𝑃𝑤 = ∆𝑃𝐷 × 𝐺𝐷𝑃 𝑝𝑒𝑟 𝑐𝑎𝑝𝑖𝑡𝑎

(4)
(5)
(6)

𝑃𝐷 = 1 − (0.1647524t − 0.0058274𝑡 2 0.0000623𝑡 3 −
0.465328)
(7)

Submitted complaint

Figure 5: Simulation result of a typical control process
In this simulation, the user’s sanguine temperament score
is 3, and the comfort skin temperature is 33oC.
From Figure 5, it can be seen that:
1) The indoor air temperature was slightly high in the first
15 minutes. Accompanying to the control progress, the
temperature tended to be stable at around 26.3oC.
2) In the first hour, 5 hot complaints submitted.
3) The complaint probability was high at the first hour.
With the decrease of indoor air temperature, the
probability became small.
4) After about 6000 seconds, indoor air temperature was
stable at around the set point. Skin temperature was lower
than hot complaint threshold and users’ complaint
probability was around 0.
The results show the feasibility of the control method
based on the cold/hot complaint probability model and the
simulation model is feasible for further study of the
optimal control parameters.
Optimization of the control parameters
The optimization objective is to find out an optimal
complaint probability to make the indoor thermal
environment to be controlled as comfortable as possible
to all occupants and at the same time to save AC energy.
The persons having a certain temperament score will
generate more complaints with the complaint probability
threshold P0 getting bigger, while the AC system’s energy
consumption gets smaller. In other words, the greater
complaint probability threshold P0 is, the lower the energy
consumption and the more user complaints are. The lower
the energy consumption means less cost and the more user
complaint will cause productivity decrease and economic
loss. Therefore, there exists an optimal complaint
probability threshold that can balance the economic
benefit and loss. This paper uses the ratio of economic

The economic benefit ratio is defined as ∆GDPE/∆GDPw,
which is the ratio of the economic benefit brought by
energy saving of AC system to the economic loss caused
by the decrement of productivity because of discomfort of
indoor thermal environment. The room occupants’
productivity change accompanying to the room
temperature is shown in Equation 7, which is proposed by
Seppanen et al. (2006).
The optimization problem is solved by traversing all
possible values of thermal complaint threshold P 0 by
simulation to find out the optimal one. The simulation
results for the optimization of the thermal complaint
threshold P0 for the people with different temperament
scores. The travers simulation results are shown in Figure
6.
From the simulation results shown in Figure 6, the
optimal value of thermal complaint threshold P0 related to
different sanguine temperament scores can be determined.
Then for the convenience of field application, the optimal
discomfort complaint probabilities are fitted by a linear
formula. The fitted formula is shown in Equation 8. Thus
the optimal control parameter of thermal complaint
threshold P0 can be the determined with a simple rule,
which is convenient for field application.
𝑃0 = 0.0036𝑠 + 0.2546
(8)

Conclusions
This paper Studies indoor thermal environment control
considering human temperament type. A model for
predicting the probability of submitting discomfort
thermal complaints using skin temperature and people’s
sanguine temperament scores is developed for optimizing
the thermal environment control parameters. The
performances of indoor thermal environment control base
on discomfort thermal complaints probability were
simulated with different sanguine temperament scores in
Matlab Simulink environment. Optimal control
parameters, i.e. the threshold of discomfort complaint
probability considering temperament type is determined
by simulation. Based on the optimal results, a simple
linear equation between the optimal complaint thresholds
and the scores of sanguine temperament is fitted. The
method proposed by this paper is useful for field
application to achieve optimal control of indoor thermal
environment considering people’s temperament with a
simple rule to achieve both energy saving of AC system
and prevent economic loss caused by productivity
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Figure 6: Optimization results of complaint thresholds for the people with different temperament scores
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Abstract
Energy saving can be achieved with proper natural
ventilation from window opening. Window operation
behaviours affect the cooling load by introducing fresh
air and interacting with the operation of air conditioners.
However, there is limited knowledge on how window
operation behaviours influence the cooling load in highrise buildings. This paper thus examines quantitatively
the impact of window operation on cooling load. The
research was conducted through building simulation
compared with a post-occupancy evaluation survey with
a 40-storey typical high-rise residential building in Hong
Kong. The results reveal up to 11% variance of cooling
load among the residential flats with different window
operation behaviours.

Introduction
Buildings are important energy consumers and carry
massive energy saving potential with implementation of
best energy-saving technologies and energy efficiency
policies (IEA & IPEEC, 2015). Cooling contributes
largely to the total energy consumption of buildings.
Cooling accounts for one quarter of the total residential
building energy consumption in Hong Kong, a
subtropical city with high ambient temperature and long
cooling season (EMSD, 2018). Natural ventilation
through window opening can affect cooling energy
consumption. Previous research reported that the natural
ventilation from windows in subtropical cities could
achieve remarkable energy savings via optimized
operation modes in spring and autumn (Bayoumi, 2017).
The window operation behaviours can affect the cooling
load in a residential flat in two ways, firstly the
introduction of fresh air and secondly the interaction
with operation of air conditioners. However, it remains
largely unknown how the occupant behaviours of
opening windows and operating air conditioners interact
with each other and how the behaviours change the
cooling load.
In addition, the increasing population has given birth to
megacities since the beginning of last century. There are
more and more “City of Towers” with high-rise
buildings as dominant building type around the world.
The height of building introduces uncertainty into the
energy performance of flats in high-rise buildings by
climatic factors, including the outdoor air temperature
and the wind speed. On-site measurement from literature

review in Malaysia (Aflaki, Mahyuddin, & Baharum,
2016) observed higher indoor wind speed and lower
indoor air temperature in the living rooms at Floor 13
compared to those at Floor 3. The fact indicated energy
conservation opportunities of high-rise residential
buildings and flats at higher floors might take less effort
to maintenance a satisfactory indoor environment. Highrise buildings can indeed benefit in energy performance
from the wind factor as shown by simulation results
(Lotfabadi, 2014). However, limited research paid
attention to how the cooling load changed with
behavioural and climatic factors in high-rise residential
buildings.
Based on the two research gaps above, this paper aims to
examine operation behaviours of window and air
conditioner in high-rise residential buildings and their
impacts on cooling load. The research has been carried
out with a case study of a typical high-rise residential
building in Hong Kong. It comparatively analyses
cooling load intensity of flats at ten floors, from six
orientations, with four various behaviour modes of
window operation. The findings expand existing
knowledge about occupant behaviours for cooling in
residential buildings and inform future research on
energy efficiency of high-rise buildings.

Methodology
The research framework is elaborated in Figure 1. The
research was carried out through building modeling and
energy simulation of a typical 40-storey high-rise
residential building in Kowloon, Hong Kong.
Firstly, a questionnaire survey was conducted with the
residents to collect data about occupant behaviour
modes. The survey results provided behaviour
parameters to the energy model. Secondly, a building
energy model using DeST software was established
based on the geometrical information of the building.
Related inputs were obtained from the building
information modelling (BIM) documentation of the
building. Thirdly, multiple methods were employed to
identify climatic parameters of the energy model. The
Typical Meteorological Year (TMY) was used to acquire
the climate data of Hong Kong. The CFD model by
Phoenics software was used to simulate the wind
pressure. Moreover, the Dry Adiabatic Lapse Rate
(DALR) method was used to process the ambient
temperature. Then the building energy model with
comprehensive inputs of behaviour and climatic
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parameters was validated with related energy use data
from the questionnaire survey. Finally, the energy model

calculated the hourly cooling load throughout the
cooling season for future analysis.

Figure 1: Research framework
Kong, researchers asked about operation hours in a
Data collection and modelling
typical day of windows in the living room, bedroom and
Behaviour information
kitchen separately. Four popular schedules of window
Behaviour information serves as inputs of the energy
opening were summarized in Table 1, varying in the
model in several aspects: daily routine of residents,
duration and the start time of the operation behaviour.
operation mode of windows, operation mode of air
Actually, the majority operation mode of window at
conditioners, cooling season, air conditioned area of
proportion of 40%, 33% and 47% for the living room,
flats, and the relationship between behaviours with
bedroom and kitchen, was always keeping windows on,
window opening and air conditioner operating. In
with an open grade of half-open. The thermal driver was
addition, the energy consumption data in terms of
defined as the up limit of outdoor air temperature when
monthly energy bills of households was collected for the
opening window. The up limit was set as 26 ℃ ,
validation of the energy model.
considering both thermal comfort of occupants and
An on-site questionnaire survey was conducted among
climate conditions of Hong Kong.
988 households of the target high-rise building, namely
Table 1: Operation schedule of windows
Building X. Question text and answer type were
Item
Description
carefully designed with reference to existing
Case 1 Never open windows
sophisticated survey mechanism (Bethlehem, 2009;
Case 2 Open windows in the morning during 6:00~7:59
Leeuw, Hox, & Dillman, 2008; Simone et al., 2018;
Case 3 Open windows during daytime, 6:00~17:59
Thompson, 2012). A pilot study was employed to
Case 4 Always keep windows open
improve the questionnaire. The recruitment was taken at
the entrance of the building X. Every passers were able
The cooling season in Hong Kong started from May and
to participate voluntarily. Researchers would be right
finished after October according to the operation period
beside the participants during the survey, to make sure
of air conditioners reported by the survey. Living rooms
they understand the questions and give the right answers.
and bedrooms were well air conditioned with window
Finally, 135 well-filled copies were received. The
type air conditioners or split type air conditioners. The
surveyed families was averagely distributed in different
majority of occupants would turn on air conditioners
storeys and family sizes, avoiding as much as possible
when feeling hot and close them when feeling cold. The
bias in sampling. The behaviour information acquired
set point temperature generally ranging from 17 ℃ to
from the survey results are elaborated below.
27℃. It is also suggested by the government to set and
Typical daily routine of working people and unemployed
maintain air-conditioned room temperature between
people were summarized from the survey results, shown
24℃ and 26℃ in summer for families (EEO & EMSD,
in Figure 2 (Du & Pan, 2018). The occupied schedule
2017). Thus, the thermostat temperature of cooling was
informed settings of human load and ticked out the
set as 26℃ and the up limit temperature of tuning on air
period accessible to artificial cooling.
conditioners in the model was set as 27℃.
In addition, the exclusionary relationships between
window and air-conditioner operation were obvious,
with more than 80% occupants stated that they would
not opening window and operating air conditioner at the
same time. The interaction between two behaviours will
Figure 2 Daily routine of occupants
be discussed later.
Window opening and closing are motivated by both
Climatic parameters
thermal and time drivers (Hong, Taylor-Lange, D’Oca,
Yan, & Corgnati, 2016). Influencing factors of window
Three climatic parameters considered in this paper are
opening considered in this paper are time of day and
wind speed, outdoor dry bulb air temperature, relative
outdoor air temperature, according to existing window
humidity. Different sets of climate data were applied in
opening models (Balvedi, Ghisi, & Lamberts, 2018;
the simulation of flats at different floors.
Stazi, Naspi, & D'Orazio, 2017). In the survey in Hong
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 Wind speed and pressure
Average wind speed of 16 directions were available in
the Typical Meteorological Year (TMY) calculated by
researchers in Hong Kong (Chan, Chow, Fong, & Lin,
2006) The raw wind data was measured with an
anemometer at 90m above sea level in the Hong Kong
Observatory. The change of wind speed (𝑣 , m/s) in line
with height was calculated with the Hellmann
exponential law, equation (1), which was commonly
used by researchers to correlate the wind speeds of two
heights.
𝑣

𝑣

(1)

The friction coefficient 𝛼 is set as 0.35 for urban city
with many high-rises such as Hong Kong (Ng, Yuan,
(m/s) is the
Chen, Ren, & Fung, 2011), where 𝑣
reported wind speed by the TMY data at the height 𝐻
(m), and 𝐻 (m) is the height of measured point changing
with the floor of the flat. The wind speed from 16 wind
directions can be different and this issue was carefully
considered in the wind model.
In addition, wind pressure coefficients of windows were
input parameters of building energy model employing
DeST Vent+, the simulation tool of natural ventilation.
Wind pressure coefficient 𝐶 (unit: 1) was calculated by
equation (1) and (2), shown below:
𝐶

(2)

where 𝑃 (Pa) is wind pressure at the measured point
from a CFD model by the Phoenics software, 𝑃 (Pa) is
the dynamic pressure calculated with air density 𝜌
(kg/m3) set as 1.2kg/m3 and wind speed in the freestream
𝑣 (m/s) calculated from equation (1) at the height of the
measured point.
The Phoenics model contained main obstacles within
200m from the 125m-high Building X (the red circled
block), shown in Figure 3. The calculation domain was
set as 2000m 2000m 500m with the community in
the centre, carefully considering the estimated 157m
recirculation zone. Wind pressure coefficients of 16
directions for windows of flats at different height were
then calculated with the wind model and equations.
Figure 4 displays simulation results of wind pressure
from the direction of east.

Figure 3: Phoenics model of Building X

Figure 4: Simulation results of pressure on the surface
of Building X
 Air temperature
The change of outdoor air temperature in line with
height was calculated with the Dry Adiabatic Lapse Rate
(DALR). DALR method was applied (Lotfabadi, 2014)
in research about skyscrapers in Iran, and the dry bulb
temperature changed linearly with the measured point,
expressed as:
𝛤

(3)

where T ( ℃ ) is temperature at H (m) altitude, 𝐶
(J/(kgꞏK)) is the specific heat at constant pressure, g
(m/s2) is the standard gravity and 𝛤(K/m) is the adiabatic
lapse rate. Finally, according to data from upper-air
observations (Hong Kong Observatory, 2018), the value
of 𝛤 was set as 8 ℃/km.
 Relative humidity
The relative humidity of outdoor air does not change
much according to record of Hong Kong Observatory,
e.g. observed as 81% at 66m above the sea level and 82%
at 168m on 1st August 2018 at 22.32 N, 114.17 E the
King’s Park Meteorological Station. Thus, the limited
change of relative humidity with height can be ignored
in this building energy model, where the object is within
130m above the sea level.
Building energy model
The Building X is a Y-shaped 125m-high residential
building with 40 residential floors. Building geometrical
information was available in BIM documentation. The
highlighted Flat A ~ F of the same layouts, at Floor
3,7,11,15,19,23,27,31,35,39 were selected as research
subjective as shown in Figure 5. Typical floors, ground
floor and top floor were built with the DeST software for
energy simulation (Figure 6).

Figure 5: Geometrical model of Building X
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Figure 6: DeST model of Building X
Building façade materials were set according to
experiences with windows as single layer glass, U =
5.7W/m K; the internal walls as 180mm ceramsite wall,
U = 1.515W/m K ; and the external walls as 200mm
concrete wall, U = 0.622W/m K.
 Operation settings
Operation settings relating to cooling load include
lighting, plug-in appliances, and occupancy schedule of
rooms (Table 2), in addition to behaviour modes of air
conditioning and window opening discussed above. The
power density of lights and devices were calculated from
the appliance list obtained from the survey. The
occupancy schedule of the subjective flat was defined
from a typical daily routine of a family with two
working adults and one child. Default inputs were kept
for the unmentioned settings.
Table 2: Operation settings of the model
Item
Lighting

Appliances

Occupancy
schedule
Window
opening

Air
conditioning

Description
The peak load of lights in the living room
(L) and bedroom (B) is 40W.
Operation schedules are on weekdays L
18:00-20:59/ B 21:00-0:00 and at the
weekend L 17:00-20:59/ B 21:00-0:00.
The peak load of plug-ins in the living room
is 390W during 18:00-18:59 every day.
The peak load of plug-ins in kitchen is
48W.
On weekdays L 18:00-20:59/ B 21:00-6:59
and at the weekend L 9:00-9:59, 17:0020:59/ B 21:00-7:59.
Operation schedules are shown in Table 1.
The up limit of outdoor air temperature
when opening window is 26℃.
During the operation schedule, windows
will be open when outdoor air temperature
is below 26℃ and would be closed when
outdoor air temperature is above 26℃.
Cooling season is 1st May to 31st Oct.
Available only when the room is occupied.
The thermostat temperature of cooling is
26℃ and the up limit temperature of tuning
on air conditioners is 27℃.

 Model validation
The building energy model was validated with related
survey data from families with similar cooling modes.
Monthly electrical bills self-reported by the participants
were converted to electrical energy consumption data

referring to energy price of suppliers (CLP, 2017). The
monthly electricity consumption added up to an annual
one. Then the electrical consumption in cooling was
estimated for some interviewed families. These families
had similar air-conditioning operation modes as set in
the building energy model. The cooling load was a result
of the total annual electricity consumption multiplied by
the ratio of cooling in electricity consumption of the enduses (EMSD, 2018) and multiplied again by the
coefficient of performance (COP)
(Electrical and
Mechanical Services Department, 2018) . The cooling
load estimated from the survey data was averagely 2453
kWh/ year/ per household, and outputs of the model was
averagely 2233 kWh/ year/ per household. Meanwhile,
the operation mode of air conditioners set in the model is
energy-efficient: with higher thermostat temperature and
with preference to utilize natural ventilation other than
artificial cooling. The 9% difference is thus acceptable
and the model is reliable for future analysis.

Results
Cooling load of six flats (Flat A~F, Figure 5) at ten
floors (Floor 3~ 39) with four various operation modes
(Never on ~ Always on, Table 1) of windows were
calculated by the validated building energy model. The
climatic parameters of ten floors were individually set
according to the change of building height. Finally,
results of cooling load of 240 cases were compared and
discussed on how the wind operation modes affect the
cooling load.
Orientation
Firstly, six flats of the same flat type in the Y-shaped
building were selected to discuss the impact of
orientation on cooling load. Results of cooling load
when always keeping the window open, of Flat A~F at
Floor 3 were illustrated in Figure 7, ranging from
47.7 kWh/m to 51.8 kWh/m . The difference of
cooling load among flats caused by the orientation was
around 10%. Orientation of flats also influenced how
much the building height and window operation mode
affect the cooling load. For instance, the cooling load of
Flat C did not change with window operation modes as
much as other flats, because there were generally less
wind around Flat C according to the climate data of
Hong Kong.

Figure 7: Cooling load of Floor 3 in case 4
Considering the accessibility of wind resources and solar
glare, Flat A was finally selected for the discussion of
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the impact of building height and window operation
modes.
Building height
The height of flats in high-rise buildings can cause
differences of cooling load via the climatic factors. The
ambient temperature and wind speed change in line with
building height. Flat A was taken as an example to
quantitatively illustrate the impacts. The accumulated
cooling load of the cooling ranged 42.9 ~ 52.0kWh/m ,
as shown in Figure 8. The relationship between the floor
number of flats and their cooling load was obvious. The
cooling load decreased with the increasing floor number
in all four modes of window operation.
In addition, preference to natural ventilation
strengthened the impact of building height on cooling
load. For instance, in case 4, where the windows are
always kept half open throughout the whole day, flats at
higher floor can benefit more than in case 1. The
difference of cooling load between Floor 3 and Floor 39
in case 1 and case 4 increased from 4.1 kWh/m , 8% to
5.7 kWh/m , 12%. The reason is that flats at higher
floor with higher wind speed can introduce more fresh
air. In this simulation experiment, the up limit outdoor
air temperature of window opening was set as 26℃, and
the thermostat temperature of cooling was set as 26℃.
Natural ventilation through window opening will then
provide free-cooling opportunities for the flat and the
higher the flat is the more free-cooling hours it has.

60

Cooling load of Flat A
Cooling load [kWh/m2]

50
40
case 1
case 2
case 3
case 4

30
20
10
0

Floor
F3

F7

F11 F15 F19 F23 F27 F31 F35 F39

Figure 8: Cooling load by building height
Window operation modes
Four typical window operation modes were simulated in
the energy model, different in available hours of opening
windows. The four cases are described in Table 1 and
windows can be open when the outdoor air temperature
is below 26℃ during the available hours.
Result of Flat A was shown in Figure 9. The more
frequently the windows open, the less the cooling load
was. For instance, with the increase of window operation
hours, from case 1 to case 4, the cooling load of Flat A at
Floor 3 decreased from 52.0 kWh/m to 48.4 kWh/m ,
showing a difference of 7%.
The building height also enlarged the impact of window
operation modes on cooling load. A difference of 11%
was observed between the cooling load of Flat A at

Floor 39 in case 1 and case 4, higher than the 7%
difference at Floor 3. The two factors, the higher floors
and longer window operation hours, mean more fresh air
into the flat and in this simulation experiment serve as a
free cooling source.

60
50

Cooling load of Flat A
Cooling load [kWh/m2]
Floor 3
52.0 47.9

51.3

case 1

case 2

47.0

50.0

45.2

Floor 39
48.4

42.6

40
30
20
10
0

case 3
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Figure 9: Cooling load by window operation modes
As a summary of the results, the three factors, building
height, window operation modes and orientation, can
separately lead to a noticeable difference (about 10%) of
cooling load when other two factors are controlled.
Firstly, in flats in an orientation where they can take
advantages of wind sources, the impact of the other two
factors are more obvious. Secondly, there is a negative
relationship between cooling load and the building
height. The higher the flat is, the less cooling load the
flat has. The same is true with window operation modes.
The more the occupants open windows, the less cooling
load their flat has. Thirdly, it is interesting that the
impacts of window operation modes and the building
height are enlarged by each other. The target Building X
is 125m high and the microenvironment surrounding the
building is different between lower floors and higher
floors, especially the climatic parameters relating to
window opening. The results from the energy model of
the high-rise Building X thus showed a strengthened
impact of window operation modes up to 11%.

Discussion
The case study of the typical 125m-high residential
building examined the impact of window operation
modes on cooling load during the long cooling season in
Hong Kong. Previous research also discussed the impact
of window opening on cooling load or cooling energy. A
building energy simulation of a low-rise office in Jeddah,
in a hot and humid climate, reported an up to about 20%
hourly saving on cooling energy in summer, with an
window open grade of 10% (Bayoumi, 2017). Another
research in Brazil, observed a difference of 12% in
energy consumption for cooling in a low-rise household
caused by different window operation modes. In January
with the peak cooling demand, energy consumption of
cooling was simulated as 96.9 kWh/month under
automated ventilation and 110.2 kWh/month under night
ventilation (Sorgato, Melo, & Lamberts, 2016).
This paper has advanced the discussion on the window
opening from the low-rise buildings to high-rise
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The hourly cooling load in bedroom of Flat A at Floor 3
and Floor 39, during a typical day in cooling season is
displayed in Figure 12.

600

Hourly cooling load of the bedroom of Flat A during
day in June
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buildings. The interesting fact about high-rise buildings
other than low-rise ones is that the benefit of opening
windows to save cooling load will be enlarged in highrise buildings. The outdoor air temperature decreases
and wind speed increases in line with the building height.
The change of microclimate with building height allows
windows at higher floors introduce more and cooler
fresh air. For instance, in this case study, the difference
of accumulated cooling load for Flat A between two
conditions, 1) in Floor 3 with no windows open and 2) in
Floor 39 with window always open, can be as large as 18%
through out the cooling season.
In addition to directly reducing the cooling load, window
opening can even affect cooling load from the
interaction with other behaviours of cooling. The
exclusive relationships between the operation of
windows and air conditioners, were found in the survey.
About 88% occupants would close windows before
turning on air conditioners and about 83% occupants
would turn off air conditioners before opening windows.
The survey results indicated that occupants generally
would not operate windows and air conditioners
simultaneously. A new case, namely case 5, displays
how much more cooling load is affected by the
interaction between the operation behaviours of air
conditioners and windows (Figure 10). In case 5, the
cooling load produced when windows are open is the
not-air-conditioned cooling load. The cooling load to
manage in case 5 is thus less than that in case 4.

0

-400
-600

-1

Figure 12: Interaction between behaviours of cooling
The light green area in the chart covers hours when fresh
air are introduced into the bedroom. Flat A at Floor 39
has more available hours of window opening than that at
Floor 3. Because flats at higher floors are surrounded by
cooler ambient environment. As mentioned above,
occupants generally would not open windows and turn
on air conditioners at the same time. Savings on cooling
energy can be achieved in the highlighted hours via the
energy-free cooling measure, window opening, other
than air conditioning. Especially, both behaviours can
provide similar thermal comfort of the indoor
environment with proper control strategies. Then it is
clear that the factor of building height, window operation
modes and behaviour interaction can strengthen the
impact on cooling load of the other two factors.

Conclusions

Figure 10: Cooling load of Flat A in case 1,4,5
The cooling load of Flat A at Floor 3 in case 1/4/5 was
52.0 kWh/m , 48.4 kWh/m and 43.2 kWh/m , and at
Floor 39 was 47.9 kWh/m , 42.6 kWh/m and
34.5 kWh/m , with the largest difference as 34%. All
the three incentives, the building height, the window
operation modes and the behaviour interactions
collaborate with each other and contribute to the
observed difference (and Figure 11).

Figure 11: Causes of difference of cooling load

This paper has examined quantitatively the impact of
occupant behaviours of opening windows and operating
air conditioners on cooling load in high-rise residential
buildings in Hong Kong. The research has been
conducted through the building energy simulation
supplemented by a carefully designed POE questionnaire
survey with the occupants. A number of attributing
factors have been identified for the difference of cooling
load. There are several conclusions.
Firstly, different occupant behaviour modes in terms of
ventilation can cause an up to 11% variance in cooling
load of flats in a high-rise residential building in building
energy simulation. Moreover, the more time the
accessibility of cool fresh air, the less cooling load the
flat has. The most popular window operation mode in
residential buildings as shown by the survey, is keeping
windows available to open for the whole day. This mode
can take best of free cooling resources from ambient
environment and then save energy. It is of great meaning
to shape a proper behaviour mode of window opening as
a quick and cost-free solution for energy efficiency in
residential buildings.
Secondly, the building characteristics have notable effect
on how much the window operation modes influence the
cooling load. The building orientation and the building
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height lead to different climate conditions of flats in a
high-rise residential building. Solar and wind resources
varied in different flats at one floor, and flats receiving
more solar glare and less wind will benefit less from the
change of window operation modes. Moreover, outdoor
air temperature and wind speed change in line with the
building height, and then influence the free cooling
opportunities of the flat and finally lead to the
differences in energy saving potential. In other words,
the building height can enlarge the impact of window
operation modes on the cooling load in high-rise
buildings. Thus, it is important to carefully consider the
climatic parameters of a high-rise building. Using only
one set of climate data for all flats in a high-rise building
can be risky, especially in research of occupant
behaviours and energy consumption variance of
households.
Thirdly, the interaction between the operation of
windows and air conditioners also contribute to the
difference of the cooling load. According to survey
results, more than 80% people would not turn on air
conditioners and open windows at the same time, whilst
the rest would not be influenced by the operating air
conditioners when they want to open windows and vice
versa. Cooling load produced during window open hours
would probability be not air-conditioned if there were
satisfactory and acceptable indoor thermal environment.
In addition to directly introducing cool fresh air to
reduce the cooling load, proper window opening
behaviour modes can also save cooling energy indirectly
via coordination with air conditioning behaviours. It is
thus of great importance to take good consideration of
the exclusive relationships between operation of
windows and air conditioners.
The novelty of this paper resides with the scientific
consideration for the changing micro climatic conditions
along the building height, as well as the dynamic
interaction between different occupant behaviours. The
conclusions of this paper will inform future research on
occupant behaviour in high-rise residential buildings in
two aspects.
First, the methodology applied in research on high-rise
buildings should be carefully designed according to
research objectives. It can be rather different from the
methodology used in research on low-rise buildings,
such as different climatic inputs and sampling processes.
For example, the accuracy of energy modelling would be
improved by considering heating energy consumption of
individual flats (Jang & Kang, 2018).
Second, the interaction between behaviours deserves
future study. The building energy model of this paper
simulated how to obtain thermal comfort with proper
combination of active and passive cooling methods.
Future study can explore how the environmental factors
shape the adaptive behaviours (Sadat Korsavi,
Montazami, & Brusey, 2018). A Long-term observation
of occupant behaviours are necessary to collect sufficient
and reliable behaviour data to evidence the results of
building energy simulation.
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