
Right on Time – Exploring Suitable Time Discretization

for Occupant Behavior Co-Simulation

Romana Markovic1*, Eva Grintal1, Amin Nouri1, Jérôme Frisch1, Christoph van Treeck1
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Abstract

This work describes how to find an optimal tempo-
ral discretization of occupant behavior (OB) mod-
els with and without building performance simula-
tion (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 cou-
pled 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 reli-
ably represent the OB in BPS. Furthermore, the anal-
ysis of the OB models using different time resolution
showed, that given enough monitoring data samples,
the sparse temporal resolution acts as a simple but ef-
fective 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, oc-
cupants’ 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 pro-
cedure 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 sim-
ulation time-steps were defined as a suitable setting
to reliably represent the dynamic properties of the
building physics and the corresponding HVAC sys-
tems. 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 correspond-
ing models representing human actions and presence,
which motivated multiple studies on the temporal res-
olution of OB for BPS (Yan et al. (2015), Feng et al.

(2017)). Feng et al. (2017) analyzed an optimal tem-
poral resolution of OB in BPS regarding the use of
air-conditioning. The results pointed out, that lower
BPS temporal resolutions lead to larger discrepan-
cies between the simulated and measured HVAC en-
ergy consumption. As a consequence, BPS should
be simulated using sub-hourly time-steps, or differ-
ent time resolution could be introduced for BPS and
OB models. The latter was already proposed by Yan
et al. (2015). Additionally, they identified the differ-
ent 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 dis-
cretizations 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 re-
sult in slow simulation process due to high commu-
nication costs (Hong et al. (2018), Wetter and Haves
(2008)).
Previous studies with respect to window opening
models were usually constrained by the logging fre-
quency 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 inclu-
sion of OB in BPS using co-simulation. At first, the
impact of the temporal discretization on the perfor-
mance of previously proposed OB models was inves-
tigated.
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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 time-
efficient BPS and the models’ accuracy. Eventually,
the co-simulation was executed using different tempo-
ral discretizations of the BPS and OB model, where
the intermediate steps were interpolated.
The rest of this paper is organized as follows. Sec-
tion ”System description” describes the computa-
tional 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 reso-
lution, and of the implementation of numerical in-
terpolation methods used to achieve different time
discretization of BPS and OB. The qualitative and
quantitative evaluation are presented in Section ”Re-
sults”. 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 co-
simulation 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 im-
plemented 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 capa-
bilities of different OB modeling methods.
The first window opening model (A) was a logis-
tic regression using indoor and outdoor air tempera-
tures 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), Mah-
davi 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 shad-
ings) or adjusted (presence/absence duration). Resul-
tantly, the input variables were indoor air tempera-
ture, indoor CO2 concentration at the current time-
steps, 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 ex-
ported as an FMU and coupled with OB models
implemented in Python. The OB Models were im-
plemented in Python 3.5 using Scikit learn library.
The co-simulation was conducted using PyFMI li-
brary (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 calibra-
tion

� Evaluation of the impact of temporal discretiza-
tion on stand-alone OB models’ accuracy

� performance evaluation for the OB-BPS co-
simulation using varied time-steps

BPS model implementation

The model consisted of a single zone two-person of-
fice as presented by Cal̀ı et al. (2014) (office type 2).
The HVAC system consisted of a concrete core ac-
tivation 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 pro-
posed by Jorissen et al. (2017). For that purpose, the
occupants were considered as only source of the in-
door 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 concentra-
tion, window states and measured power of mechan-
ical 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 in-
creased to 0.01. Eventually, the model was exported
as an FMU for the co-simulation analysis. The ex-
ported model used the window state as input com-
ponent Modelica.Interface.RealInput, while air tem-
perature and CO2 concentration at the current time-
steps were provided as output variables.

OB Model implementations and training

The OB models “A”-“C” were building-wise recal-
ibrated and trained offline. For that purpose, the
same training and evaluation sets were used as pro-
posed by Markovic et al. (2018). Namely, the models
were trained using data from single or two-person of-
fices, and they were evaluated using data from further
49 occupants. Hence, the originally proposed hyper-
parameters 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. Resul-
tantly, 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 co-
efficient for models “A”-“C” was 10, 20 and 7, respec-
tively. 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 com-
plexity 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 consid-
ered 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(wTxlow), (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 pur-
pose, the predicted window states ylow,predicted were
compared to the ground truth window states, namely
yreal for each time-steps. The evaluation metrics in-
cluded the absolute and relative metrics proposed
by Mahdavi and Tahmasebi (2017) and expanded by
Markovic et al. (2018). The absolute metrics con-
sisted of accuracy (ACC), true positive rate (TPR),
true negative rate (TNR), F1 scores and ROC dia-
grams. 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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and Tahmasebi (2017)), where the latter two were an-
alyzed using the median value, and interquartile (IQ)-
the distance between 25 % and 75 % quntiles.

Co-simulation using different time scales

The co-simulation was conducted for three simula-
tion settings. Firstly, the co-simulation was executed
in ten minutes intervals. Here, it was opted for sub-
hourly 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 open-
ings that are typical for the winter months.
In the scope of the second experiment, the co-
simulation was executed in hourly time-steps. Con-
trarily to the first experiment, this case could not
address the sub-hourly events and short window
openings. Hence, the accuracy of the OB-BPS co-
simulation 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 interpo-
lated. Since the smoothness and the monotonicity
of these signals may have variable properties, the ef-
fects of the applications of the different interpolation
methods was explored. For that purpose, the lin-
ear interpolation, cubic hermit, and splines were im-
plemented. The linear interpolation was computed
piecewise between each two simulated steps. The cu-
bic hermit required 4 previous simulated values in or-
der to fit the first derivative of the third order polyno-
mial (Heath (2005)), while the splines were fitted as
a second order derivative of the quadratic polynomial
(Heath (2005)).

Results

BPS model calibration

The measured and simulated indoor air tempera-
tures 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 summa-
rized 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 mea-
sured and simulated temperature was 0.937 °C. Addi-
tionally, the discrepancy between measured and simu-
lated air temperature could not be presented realisti-
cally using MBE, since the temperature over- and un-
derestimations were compensated. Due to data loss,
monitoring data over several days in January, March,
and November were not available (Figure 2). These

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
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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 pre-
dictive performance of the OB is evaluated, and the
results are summarized in Table 2, while the ROC di-
agrams 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 predic-
tive 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 re-
gression with two input variables.
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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 discretization.
Case step size ACC TPR TNR F1 Actions Prop. median IQ median IQ

[min] [-] [-] [-] [-] [1/day] [-] [hrs] [hrs] [hrs] [hrs]
Measured 1 1.02 0.07 0.47 1.360 7.70 20.01

LR 1 0.85 0.33 0.89 0.46 0.80 0.07 3.23 4.667 16.79 17.85
5 0.85 0.33 0.89 0.46 0.63 0.07 4.20 6.333 21.51 19.67
10 0.85 0.33 0.89 0.46 0.62 0.07 4.23 6.333 21.70 19.80
30 0.86 0.33 0.89 0.46 0.74 0.07 3.52 5.367 18.07 18.28
60 0.85 0.33 0.89 0.46 0.76 0.07 3.41 5.100 17.45 18.10

RF 1 0.87 0.66 0.88 0.74 4.87 0.07 0.79 0.600 3.88 1.13
5 0.83 0.64 0.85 0.71 2.92 0.07 1.68 1.183 6.03 3.67
10 0.83 0.64 0.85 0.71 2.93 0.07 1.68 1.167 5.97 3.67
30 0.84 0.65 0.85 0.73 4.44 0.07 1.09 0.800 4.05 1.40
60 0.83 0.66 0.85 0.73 4.93 0.07 0.99 0.633 3.79 1.08

SVMs 1 0.84 0.62 0.86 0.70 4.20 0.07 1.03 0.617 4.27 1.10
5 0.83 0.61 0.85 0.70 2.89 0.07 1.55 1.000 6.02 2.52
10 0.83 0.61 0.84 0.69 2.98 0.07 1.56 1.000 5.75 2.18
30 0.83 0.63 0.84 0.70 3.82 0.07 1.21 0.767 4.61 1.28
60 0.83 0.63 0.85 0.71 3.95 0.07 1.16 0.717 4.49 1.23

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 low-
est accuracy. Additionally, the results did not show
any significant difference in the classification perfor-
mance 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 mod-
eling performance, when compared to the sub-hourly
temporal discretization.

Performance of the OB-BPS co-simulation

The performance of the proposed OB models with
simulation feedback was evaluated for varied co-
simulation 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 sat-
isfying manner.
The results of the RF model evaluation using feed-
back from BPS showed, that addressing the sub-
hourly time-steps lead to 3-5 % higher accuracy, when
compared to the hourly co-simulation. Additionally,
hourly simulation steps with interpolated intermedi-
ate values did not lead to any significant performance
improvements.

Table 3: OB predictive performance with a co-
simulation feedback, for the varied time-steps. The
analyzed cases include the 10 minutes’ steps, 60 min-
utes steps and the 60 minutes steps with interpolated
in between values (cases marked as 60*).
Case TS ACC TPR TNR F1

[min] [-] [-] [-] [-]

LR 10 0.91 0.00 0.99 0.01
60 0.91 0.00 0.99 0.01
60* 0.92 0.00 0.99 0.01

RF 10 0.74 0.81 0.72 0.78
60 0.73 0.78 0.72 0.76
60* 0.71 0.82 0.70 0.77

SVMs 10 0.92 0.00 1.00 0.00
60 0.92 0.00 1.00 0.00
60* 0.92 0.00 1.00 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 interme-
diate 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).
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Figure 4: Simulation run time for the co-simulation
at different time-steps.
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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. Ad-
ditionally, 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 sim-
ulation 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 discretiza-
tion 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

1 2 3 4 5 6 7 8 9 10 11 12

Time [month of year]
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Figure 6: Comparison of measured indoor air temper-
ature and the simulation results for the varied simu-
lation 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 hyper-
parameters were kept fixed as defined in the orig-
inal 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 sim-
ilar range, when compared to the performance re-
ported 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 suffi-
ciently large training set, the OB could be reliably
modeled using larger time-steps. Namely, the abso-
lute performance of the investigated models dropped
1-4 percent points in case of sparse temporal represen-
tation. However, the detected small range of perfor-
mance 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 win-
dow 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 draw-
back 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 cho-
sen time-steps size on the performance of the win-
dow opening models in commercial building. The
results showed, that the suitable time resolution for
the window opening models diverged from the op-
timal HVAC temporal resolution proposed by Feng
et al. (2017). These results imply, that the suit-
able 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 re-
garding the overall suitable time-steps size for OB
co-simulation could be drawn.

Conclusion

The goal of the proposed work is to explore the im-
pact of the temporal discretization on the accuracy
of the OB models and on their application in co-
simulation. The key findings may be summarized as
following:

� The low time resolution acts as a simple and
effective regularization strategy for offline OB
model training,

� the hourly co-simulation resulted in satisfying
trade-off between models’ accuracy and required
simulation,

� interpolation of the intermediate values in order
to address different OB and BPS time resolution
did not lead to performance improvement.

The significant contribution of the presented research
is the experimental analysis of the required OB time
discretization. These could be beneficial for choosing
the suitable setting for BPS-OB co-simulation. Ad-
ditionally, the findings of this study may be benefi-
cial for the future research on temporal discretization
of alternative OB actions and developing adaptive
temporal discretization for the comprehensive OB co-
simulation.
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