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Abstract 
In building energy modelling (BEM), occupant 
behaviour (OB) is of significance. Meanwhile, 
equally important is the practical implementation of 
the OB models in BEM simulations. In this paper, we 
first built OB models that predict window state based 
on Bernoulli process. Different thermal, visual, and 
acoustic parameters from a university and an office 
building were investigated. Then, the derived models 
were implemented in a BEM simulation environment 
IDA ICE through a co-simulation approach, which 
broadens the possibility of practical application of 
OB models in IDA ICE. In future work, the proposed 
framework is considered as a basis for further 
investigation on non-design-related parameters and 
uncertainties in OB.  

Introduction 
In the building energy simulation process, the 
significance of “human factor” is evident. In this 
context, the behavioural patterns of occupants 
dynamically depend on individual differences in 
perception of the environment and should be 
modelled stochastically. However, the deterministic 
features of current building performance simulation 
(BPS) programs, following predefined and static 
schedules, poorly represents the stochastic nature of 
OB (Haldi & Robinson, 2009). Therefore, it is of 
interest to build stochastic models to predict OB 
more realistically.  

Since the window state is considered as a binary 
variable, Bernoulli process is the most 
straightforward approach to develop a stochastic 
model. For instance, logistic regression analysis was 
applied to construct polynomials to predict the 
probability of window operation in many studies. 
Herkel et al. developed a stochastic model 
considering four cases: window state at arrival, 
window state at departure, intermediate window state 
for a longer period and for a shorter period (Herkel et 
al., 2008). Andersen et al. tested the impact of CO2 
concentration, and global solar radiation, besides air 
temperatures, on window operation (Andersen et al., 

2013). With the same dataset, Fabi et al. later applied 
a similar approach to a case study in the context of 
real energy use examination in the existing BPS 
system IDA ICE (Fabi et al., 2013). Different from 
Bernoulli process, Markov chains would rely on the 
previous state (Yan et al., 2015). Fritsch et al. 
developed an OB model to predict window opening 
angle. Respective Markov matrices were developed 
for different precedent window positions, which were 
preliminary sorted in classes (Fritsch et al., 1990). 
Similarly, Haldi and Robinson modelled two 
transition probabilities with three sub-models for 
actions on arrival, at departure and during occupancy 
(Haldi & Robinson, 2009). It can be observed that 
most of the studies mainly focused on thermal 
parameters, while other parameters, e.g. perceptual 
and acoustic parameters, were rarely investigated. 

The implementation of OB models into existing BPS 
programs enables a practical application of the OB 
models and thus plays a key role in linking research 
and practice. Among all, co-simulation has received 
increasing attentions (Mahecha Zambrano et al., 
2021). Co-simulation offers a possibility to include 
OB models into holistic dynamic simulations in a 
more interactive way. For example, Nouidui et al. 
proposed a framework for the import of functional 
mock-up units (FMU) in EnergyPlus (Nouidui et al., 
2014). The workflow for co-simulation was 
presented and then applied in two use cases. 
Nevertheless, similar approaches to other commercial 
BPS tools have not been thoroughly investigated 
(Hong et al., 2018; Yan et al., 2015). For instance, 
due to the lack of Functional Mock-Up Interface 
(FMI) support, co-simulation approach with IDA ICE 
is rarely investigated despite its wide application.  

Based on the reviewed studies, this paper has the 
following objectives: 

• To build stochastic models for predicting 
window state based on Bernoulli Process.  

• To investigate other relevant parameters for 
window state in addition to air temperature. 

• To propose a co-simulation framework to 
incorporate OB models into IDA ICE.  



                                                                                                                                                   
 
Methodology 

Data acquisition 

In certain studies, data from similar buildings were 
acquired to develop a unified model (Andersen et al., 
2013). Accordingly, in this paper, the data for 
developing stochastic models were collected from 
November 2020 to May 2021 from two office rooms: 
office of the chair of Energy Efficient and 
Sustainable Design and Building (ENPB) at 
Technical University of Munich, Germany, and the 
administration office of AS-Bau GmbH of the project 
NuOpt Office in Hof, Germany. The building of the 
former office is in brick construction and the building 
of the latter is in reinforced concrete. Both buildings 
were in solid construction and renovated between 
2010 and 2020. Regarding function, the two naturally 
ventilated offices are occupied by multiple (< 10) 
users mainly for computer works during weekdays. 
Datasets based on the two buildings will serve as an 
example of hybrid data sets and show potential for 
future studies to extend the database. 

The data acquisition was conducted through the self-
developed mobile measuring device MoMeBo 
(ENPB, 2021). Following variables were measured: 
indoor air temperature (°C), globe temperature (°C), 
relative humidity (%), air velocity (m/s), air quality 
index (%), CO2 concentration (ppm), illuminance 
(lx), and sound pressure level (dB). For measuring 
the window state, contact sensors (model EnOcean 
SDO2105, NODON, France) were installed. During 
the data acquisition period, the measurement was 
recorded continuously at one-minute intervals.  

Stochastic model through logistic regression 

Due to the expected binary outcome variables in our 
context, the data analysis was performed using the 
binomial family of generalized linear models (GLM). 
The canonical logit function should be chosen as: 

 
(1) 

This defines the class of logistic regression models. 
By means of logistic regression, the probability 
distribution of the occupants’ control actions is 
deduced according to the following equation: 

 
(2) 

where a is the intercept, and x stands for predictor 
variables with their respective coefficients ß. This is 
the mean inverse function of equation (1). As for the 
potential predictor variables, if two variables were 
highly correlated, one of them was to be prelimitarily 
eliminated. To select the most significant variables, 
stepwise approach was applied. In this respect, the 
models were inferred by the “stepwiseglm” function 
in MATLAB.  

Furthermore, the response time of occupants to 
environmental changes must be considered in the 
modelling. Hence, it is required to define predictor 
variables as values in short-term past (Markovic et al., 
2019). Two forms of time sequence were used in this 
paper: (1) the mean values of the previous 30 
minutes, and (2) the standard deviation values of the 
previous 30 minutes. This constructs the two groups 
of the models. Based on the Lightswitch-2020 model 
by (Reinhart, 2004), we also investigated the case of 
two models for opening and closing probabilities 
respectively. The developed OB models are listed in 
Table 1. 
 

Table 1: Overview of developed OB models 
 

Model  Predictor 
variables 

Model description 

V1_a mean values  One model 

V1_b mean values Models for opening and 
closing probabilities  

V1_c mean values  Models for opening and 
closing probabilities, with 
reduced data size 

V2_a standard 
deviation  

One model 

V2_b standard 
deviation  

Models for opening and 
closing probabilities  

V2_c standard 
deviation  

Models for opening and 
closing probabilities, with 
reduced data size 

 

Probability matching 

To transform the calculated probabilities into 
deterministic signals, probability matching was 
conducted. Estimates, in our case the opening signals 
S, are inferred by a causal structure. This could be 
derived from the posterior probabilities of this 
structure (Wozny et al., 2010). By adding a selection 
criterion r, which is randomly sampled from a 
uniform distribution from the interval [0,1] on each 
trial, probability matching can be represented as: 

 
(3) 

In the case of two models, the choice of the model 
depends on the present state of the window: if the 
window is closed, the probability model for opening 
would be used, and vice versa. For each model, 
probability matching was applied respectively. In the 
result, 1 stands for a change of state and 0 stands for 
the unchanged state. Accordingly, this 
methodological process was implemented in 
MATLAB. 



                                                                                                                                                   
 
Model validation 

To examine the performance of the stochastic 
models, a goodness-of-fit test is required. In this 
paper, the following criteria were used: the Chi-
square (χ2) statistic, the area under the Receiver 
Operating Characteristics (ROC) curve (AUC), the 
adjusted R-squared and the Brier score B. In addition, 
a cross-validation was performed. By comparing the 
predicted outcome variables with the observed 
results, the predictive power of the models can be 
tested. 20 repeated simulations at 10 minutes 
intervals were performed for each model for the two 
monitored offices. The simulation period corresponds 
to the monitoring period. The assessment criteria 
include accuracy, the ratio of windows’ opening 
events throughout the observation period, true 
positive rate (TPR) and false positive rate (FPR). 
Furthermore, monthly and weekly results of window 
state were looked at to have a detailed comparison of 
measured and predicted results.  

Building model in IDA ICE 

Based on the validation results, the best performing 
stochastic models were further implemented in a co-
simulation approach for one of the monitored 
locations, the chair office of ENPB. The open-plan 
office area was 150.8 m2, with a room height of 2.6 
m. The external wall faced south-east with 6 
identical-sized operable windows (2.28 m2 each). For 
the windows, a double pane glass was defined, with 
the U-value of 2.9 W/(m2·K), the solar heat gain 
coefficient (g-value) of 0.76; and the solar 
transmittance (T-value) of 0.7. A PI-controlled fuel 
heater was integrated into the model. No central air 
handling unit (AHU) was defined. The equipment 
and lighting system schedules followed the presence 
of occupants from 7:00 to 18:00 on weekdays. 
During the occupancy period, occupants were 
considered as always present, while the window 
control was defined by the calculated probability of 
window state in MATLAB. 

Co-simulation 

To perform co-simulations with IDA ICE and 
MATLAB, users need to contact the vendor to obtain 
information about the interface between the two 
programs (Nageler et al., 2018). The data exchange 
followed the scheme in Fig. 1. The predictive control 
was performed through the stochastic model in 
MATLAB. Channels were opened for the data 
exchange between the two programs at each time 
step. For setting up the communication with 
MATLAB, a zone controller with “Export” and 
“Import” components was defined in IDA ICE model. 
To ensure the data exchange at certain time interval, 
it is to define the time step in the extrapolation limit 
setting of each channel. In our case, the data 
exchange was set at 10 minutes intervals. The total 
simulation time was set in MATLAB corresponding 

to the monitoring period. 50 repeated simulations 
were performed for each model. Through this, the co-
simulation results can be derived from IDA ICE.  
 

 Figure 1: Scheme of data exchange between IDA 
ICE and MATLAB 

 

Comparison with deterministic simulation results 

In the next step, the co-simulation results were 
compared with the simulation results from 
deterministic simulations with pre-defined schedules 
of window opening. In this paper, the pre-defined 
schedules were based on two parameters: CO2 
concentration and indoor air temperature. According 
to German Technical Rules for Workplaces A 3.6 
“Ventilation”, ventilation behaviour should be 
improved, when CO2 concentration exceeds 1000 
ppm (Bundesministerium für Arbeit und Soziales, 
2013). However, this threshold is defined based on 
previous experiences and studies. We thus tend to 
investigate the effects of different setpoints on 
deterministic simulation results. Accordingly, CO2 
concentration thresholds of 1000 ppm, 1500 ppm and 
2000 ppm were used in the pre-defined schedules 
respectively. Additionally, PI temperature control 
with an indoor air temperature setpoint of 26℃ was 
defined. The case of using only PI temperature 
control was also considered. By comparing the 
simulation results of the co-simulation and 
deterministic simulation, both the predictive power 
and the functionality of the proposed co-simulation 
framework can be tested. 

Results 
Stochastic models 

For the data analysis, the correlation between the 
predictor variables was preliminarily checked. While 
other variables are not highly correlated, the 
correlation between indoor air temperature and globe 
temperature is 0.863. Since globe temperature also 
includes air temperature, radiant temperature and air 
velocity as influencing variables, we eliminated air 
temperature. To reduce the unnecessary length of the 
paper, model V1_a is presented here exemplarily: 

 
(4) 

where x1 is sound pressure level, x2 stands for relative 
humidity, and x3 for globe temperature. Overall, the 



                                                                                                                                                   
 
predictor variables in all models have a p-value 
smaller than 0.05, which indicates strong evidence of 
the statistical significance. It is to observe that globe 
temperature and sound pressure level have the 
highest occurrence rate in all models. 

Model validation 

The results of the goodness-of-fit test are presented 
in Table 2. According to the Chi-Square Distribution 
Table, the calculated Chi-square values of all models 
are greater than the chi-square critical value. The 
significance level of the models is therefore proved. 
As shown, models with predictor variables as mean 
values from previous 30 minutes (V1_a, V1_b and 
V1_c) have an overall better performance in the 
goodness-of-fit test.  
 

Table 2: Goodness-of-fit test of OB models 
 

Model 
Chi-square 
test AUC  Adjuste

d R2 
Brier 
score 

χ2 p-value    

V1_a 1880 0 0.723 0.083 0.134 

V1_b 
opening 114 9.96e-24 0.658 0.006 0.167 

V1_b 
closing 38.5 4.42e-09 0.590 0.009 0.154 

V1_c 
opening 44.8 1.84e-10 0.608 0.004 0.162 

V1_c 
closing 66.5 3.59e-15 0.623 0.018 0.153 

V2_a 633 1.42e-
135 0.650 0.029 0.823 

V2_b 
opening 22.5 1.31e-05 0.585 6.945e-4 0.204 

V2_b 
closing 4.31 0.038 0.528 7.606e-4 0.177 

V2_c 
opening 9.73 0.002 0.554 5.474e-4 0.209 

V2_c 
closing 13.3 0.00026 0.552 0.004 0.177 

 

 

Table 3: Cross validation results of all models 
 

Model Accuracy Opening 
ratio TPR FPR 

Measured 100% 17.68% 100% 0% 

V1_a 73.26% 17.74% 24.57% 16.29% 

V1_b 70.77% 20.38% 25% 19.39% 

V1_c 67.14% 26.37% 31.63% 25.23% 

V2_a 71.78% 17.7% 20.26% 17.15% 

V2_b 68.94% 20.84% 21.09% 20.78% 

V2_c 63.81% 29.24% 30.35% 29.01% 
 

Table 3 presents the cross-validation results with 
average values of accuracy, opening ratio, FPR and 
FPR of each model. Due to the random factor in 
probability matching on each trial, the results of the 
simulations were not identical. However, the results 
from each model were highly similar. According to 
both validation results, model V1_a has the best 
predictive power in general. Also, it can be observed 
that with reduced data size, the model quality has 
dropped. Hence, V1_c and V2_c were not considered 
in the co-simulation approach. In the comparison of 
predicted monthly and weekly results with measured 
results, window opening patterns were examined. For 
clearance, herein we took the results of February 
2021 from the chair office of ENPB for illustration 
(Fig. 2). Results of another monitored office and in 
other months are like the presented results. It is to 
observe that despite of certain mispredictions, the 
window opening patterns and durations were better 
reproduced by V1_b and V2_b, while models V1_a 
and V2_b delivered results with more evenly 
distributed window opening events. Based on the 
results, models V1_a, V1_b, V2_a and V2_b will be 
further implemented in the co-simulation approach. 
 

(a)  

(b)  

(c)  

 Figure 2: Comparison of predicted results with 
measured results of February 2021 from the chair 
office of ENPB: (a) measured results; (b) predicted 
results from V1_a; (c) predicted results from V1_b 

 



                                                                                                                                                   
 
Co-simulation 

For co-simulation, predictor variables in the OB 
models should correspond to the readily available 
inputs in IDA ICE. Certain predictor variables in the 
OB models, such as sound pressure level and indoor 
air velocity, are not available in IDA ICE. Thus, for 
the co-simulation process, the regression was re-
performed, where the two variables were excluded. 
Based on the regression results, sound pressure level 
was excluded in all four models. In adjusted V1_b_2, 
indoor air velocity was additionally eliminated. 
Through the re-run model validation, adjusted V1_a 
and adjusted V1_b_2 showed an overall better 
performance thus will be implemented in the co-
simulation. The adjusted V1_a is presented as: 

 
(5) 

where x1 stands for relative humidity, and x2 for 
globe temperature. As for adjusted V1_b_2, the 
opening and closing probabilities are presented in 
equation (6) and (7) respectively: 

 
(6) 

 
(7) 

where x1 stands for CO2 concentration, and x2 for 
globe temperature.  

Following the aforementioned co-simulation 
procedure, simulation results were obtained and 
compared with deterministic simulations. Results 
include air inflow and outflow (L/s), heat loss per 
square meter (kWh/m2), and end energy consumption 
for heating per square meter (kWh/m2). As an 
example, the simulation results of end energy 
consumption for heating per square meter (kWh/m2) 
are presented in Fig. 3. It is first to observe that like 
the cross-validation results, the 50 co-simulation 
results are highly similar. Overall, the deterministic 
simulation using only PI temperature controller 
underestimated the window opening events. Adjusted 
V1_a delivered similar results to the result of the 
deterministic simulation with a CO2 threshold of 
2000 ppm, while the results from adjusted V1_b_2 
were close to the deterministic simulation result with 
a CO2 threshold of 1500 ppm. Results from both 
models were lower than the simulation result with a 
threshold of 1000 ppm. The relatively low window 
opening ratio of monitored data is presumably one of 
the main reasons for it. The OB models based on 
these data evidently predicted fewer window opening 
events. This also shows that the predicted results 
correspond to the monitored occupant behaviour. Fig. 
4 presents a comparison of operative temperature for 
a week in February between co-simulations and 
deterministic simulations. Herein, the different 

window opening patterns of each model are again 
reflected, which demonstrates the success of the co-
simulation process. 
 

 
Figure 3: Results of co-simulations and deterministic 

simulations: end energy consumption for heating 

 

 
Figure 4: Results of co-simulations and deterministic 

simulations: weekly operative temperature 

Conclusion and future work 
In this paper, we first developed OB models that 
predict window state based on Bernoulli process. 
Using logistic regression, the presented data analysis 
was based on monitored data from two offices in 
buildings with a similar renovation time, ventilation 
type, user amount and function. The predictive power 
of the OB models for each location was demonstrated 
through model validation, which shows a potential of 
expanding the range of dataset without requiring a 
completely consistent construction type. As 
aforementioned, the number of studies on the impact 
of noise on occupants’ behaviour regarding window 
and door opening is limited (Yan et al., 2015). 
Tending to fill this gap, in this paper, the measuring 
device MoMeBo was able to record relevant 
variables, including sound pressure level. In the 
regression results, models with predictor variables of 
the mean values from the previous 30 minutes 
showed a better performance. Particularly, it is to 
observe that globe temperature and sound pressure 



                                                                                                                                                   
 
level have the highest occurrence rate in all 
developed models, which shows a great potential of 
further investigating the acoustical parameters. 

Another contribution of this work is conducting a co-
simulation approach with IDA ICE and MATLAB. 
Compared to a direct integration of OB models into a 
BPS program (Fabi et al., 2013), the advantage of 
this approach is that it builds the basis for future 
investigations of non-building related variables, such 
as occupants’ presence, attitude towards actions, 
personality traits, etc. It is also expected to further 
investigate the possibility to implement sound 
pressure level into co-simulations with IDA ICE, for 
example through the correlation of this parameter 
with other software-supported variables. Another 
step to be deepened is a comparison between co-
simulation results with measured data in IDA ICE. 
Furthermore, to further exploit the potential of the 
proposed co-simulation approach, the previously 
mentioned non-design-related variables should be 
integrated into the OB model. In a longer view, 
alternative approaches to predict OB can be 
combined with BPS programs. Accordingly, the 
scope of implementing OB models can be broadened. 
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