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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, Taylor-
Lange, 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 Thermal 
mass 

Window-Wall-Ratio 

1 Case 
600 

Low 55% (as in ASHRAE 140) 

2 Case 
600 

Low 33% (sill height changed from 
0.2m to 1m) 

3 Case 
900 

High 55% (as in ASHRAE 140) 

4 Case 
900 

High 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. 

 DRYCOLDTMY.epw CZ15RV2.epw 
Description ASHRAE 140 

standard file 
California Climate 

Zone 15 
Reference 

city 
Denver-Stapleton, CO, 

USA 
Brawley, CA, USA 

Latitude 39.76 N 32.95 N 
Longitude 104.86 W 115.55 W 
Elevation 

[m] 
1609 0 

Koeppen-
Geiger 
classa) 

Bsk (Cold semi-arid 
climate) 

BWh (Hot desert 
climate) 

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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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.. 

 Input parameters 
WinHaBern Outdoor temperature 

WinHaMarkov 
Indoor temperature 

Outdoor temperature 
Rain event 

WinRijal 
Predicted mean vote 
Indoor temperature 

Outdoor temperature 

WinAndersen 

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 – 

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.  

The EnergyPlus output was then analysed using the 
software R in order to obtain for a) each simulation run 
the characteristics described above and b) calculate mean 
and standard error for the 25 simulation runs of each 
combination of building model (4 types), weather data file 
(2 types), and OB model (4 types). 

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 

Figure 1. Mean and standard error of absolute length of opening duration. 
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with respect to the resulting length can be assessed 
straightforwardly. All four window opening models react 
to changes in climatic conditions leading to a longer 
window opening duration for the warmer Californian 
climate. However, the relative change from cold to warm 
climate differs, with the Andersen model showing the 
smallest difference in window opening duration and the 
Rijal model the largest differences. In addition, there is 
hardly any effect of the building characteristics on the 
model output – the occupant behaviour model selection 
would impact the outcome more than the building model 
selection. 

Number of actions 

Figure 2 shows mean and standard error of the number of 
opening and closing actions for each combination of 
building model, weather data file, and OB model. 

As found for the length of opening duration, weather data 
differences and the type of OB model have the strongest 
effect on the number of actions. The highest number of 
actions are related to the Bernoulli model (WinHaBern). 
Given observations in field studies suggesting a much 
lower number of interactions by occupants, the high 
number of actions in the simulation suggests that 
Bernoulli models are not suitable to model the number of 
actions.  

The highest variance due to the building type – here 
especially the thermal mass of the building – is present in 
the WinRijal model, which accounts for thermal 
perception.  

Typical schedules 

Figure 3 presents the mean opening fraction for each hour 
of a weekday for each model for a typical summer and 
winter week. The start and end dates for these weeks are 
taken from the .stats files provided with the weather files. 

This way of presentation clearly conveys the differences 
in the models’ behaviour. As presented above, the 
models’ behaviour varies with the weather conditions – 
visible by the seasonal differences and differences in the 
average schedules between the two weather data files.  

A second observation is related to the nighttime behaviour 
of the models. In principle, one would expect the window 
state at 00:00 and 24:00 be the same value. However, 
several models end the day with a higher percentage of 
windows compared to the morning. This shows that it is 
important to consider the conditions at midnight in the 
implementation of the model, because results are sensitive 
to assumed conditions at midnight.  

Discussion 
The procedure described above is meant to be carried out 
once by a researcher (preferably the author of the model) 
for an existing or new occupant behaviour model. The 
results should then be published alongside with classical 
model parameters such as coefficients and statistical 
measures. In the future, this could be done by means of an 
(online) testbed, where researchers can input their model 
parameters, which will be added together with the 
model’s characteristics into a growing database of 
existing models and their characteristics. 

Figure 2. Mean and standard error of number of window openings. 
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Within this paper, the procedure is applied to window 
opening models. The authors acknowledge, that the 
characteristics to visualize the models’ behaviour such as 
length of usage, cannot be applied to other behaviours, 
e.g. thermostat set points. At the same time, the procedure 
can be applied to these types of behaviour when changing 
the characteristics e.g. towards the mean set point 
temperature, or the number of set point changes, or the 
range of set points chosen. Similar thoughts can be done 
for blind usage models, timer settings, or even occupancy 
models.  

It should be noted that the procedure described here is not 
meant for the validation of occupant behaviour models. 
Besides that there are hardly any validation approaches on 
external data (Haldi, Robinson, Pröglhöf, & Mahdavi, 
2010; Schweiker, Haldi, Shukuya, & Robinson, 2012) and 
that more validation efforts are required, this is a 
completely different approach than the one described 
here. The validation of models needs to be performed in 
comparison to data from existing buildings in order to 
evaluate how well a new or existing model predicts the 
observed behaviour. The approach presented here serves 
the comparison of models’ behaviour independent of the 
concern, whether a model predicts correct behaviour for a 
specific case study. The application of this approach is 
intended for the communication between simulation 
engineer, engineer, architect, and/or client, in order to 
visualize the behaviour of one or more models chosen for 
the given simulation task. This communication can be 
facilitated either by a) showing some basic characteristics 
of the models behaviour, e.g. higher window opening 
probability compared to other model, or b) comparing the 
resulting schedules with simplified analysis of existing 
data, textual descriptions of clients, or own observations 

and assumptions without the need of knowledge regarding 
statistical validation methods. 

The procedure presented here can also serve for a sort of 
commissioning procedure for the implementation of OB 
models into building energy performance software. As 
mentioned in the context of the average schedules above, 
the visualization of average schedules of typical weeks 
can reveal problems with the implementation such as 
conflicts in the nighttime behaviour.  

In addition, the parameters presented here can be used to 
compare available data from a given context with the 
behaviour of OB models for a similar context in order to 
choose the most suitable model for the given context 
without the need to analyse the data statistically or to 
develop an OB model. As an example, Figure 2 presents 
the number of interactions predicted by different models. 
Such value could be compared to existing event data of 
window opening and closing actions. 

In case, no data of the given context exists, the question 
is, which model to choose? The decision may depend on 
the purpose of simulation, whether this is a) predicting 
absolute energy consumption of a building accurately, b) 
predicting a potential range of the energy consumption 
depending on the occupants’ behaviour, or c) analysing 
the impact of design and operating decisions on 
occupants’ behaviour and the resulting energy 
consumption, which can then be used to improve design. 
Therefore, there is no general answer to this question and 
it is not possible at this stage to draft a decision tree for 
model selection. The rational presented here is that the 
first step is the visualization of the models’ behaviour 
under a given or a variety of distinct contexts. Based on 
the purpose of simulation, the model selection can then be 

Figure 3. Variations in typical weekday schedules for summer and winter depending on building type,  
weather data file and occupant behaviour model.  
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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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