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Abstract 
Energy simulation software describe users’ behaviours 
with static profiles, causing significant discrepancies 
between actual and predicted building performances. A 
User Behavioural Module (UBM) tool has been 
developed using a data-driven approach and coupled 
with the IESVE energy simulation software to 
stochastically reproduce users’ behaviours. Initial 
investigation on the required number of simulations 
showed a deviation on the overall consumptions of about 
1% in a range between a single and 20 runs of 
simulation. The simulated electricity consumptions 
varied up to 10%, applying the UBM instead of Standard 
profiles. The tools interoperability provides considerable 
enhancements to the engine and its outputs. 

Introduction 
The inclusion of users’ perspective in the simulation 
environment is fundamental for a correct representation 
of occupants’ actions and presence (Yan et al., 2015). 
In recent years, simulators have been highly enhanced 
but, in general, they are still lacking in reproducing the 
human component. In fact, the interaction between the 
occupants and the building devices is commonly set 
according to standard profiles and to fixed rules (e.g. 
lights are turned on entering the room or when the 
indoor illuminance fall under a pre-determined 
threshold) which barely approximate real behaviours 
(Cowie, Hong, Feng, & Darakdjian, 2017; Hong, Yan, 
D’Oca, & Chen, 2016). 
In last decades, many studies have been focused on 
developing models to stochastically predict the human-
building interaction. Offices are the preferred case 
studies because they are responsible for a great portion 
of energy consumptions (Chung & Rhee, 2014). 
Moreover, in these contexts, the data recording is easier 
(e.g. presence of BMS) and privacy issues are less 
stringent than in homes (Gunay, O’Brien, Beausoleil-
Morrison, & Gilani, 2016). 
Although in the literature many behavioural models 
developed in offices are present, the majority of them 
have not been included in simulation software yet. Only 
a few models have been embedded in Building Energy 
Performance (BEP) simulators (Hong, Sun, Chen, 
Taylor-Lange, & Yan, 2015; Rijal et al., 2007) since to 
perform this passage it is essential to have access to the 

source code and to have a deep knowledge of the 
software itself (Lindner, Park, & Mitterhofer, 2017). 
The NewTREND European Project offered the 
possibility to reach the goal of developing a User 
Behavioural Module (UBM) which interacts with the 
IESVE energy simulation software during the simulation 
run time. The final aim of the project is the evaluation of 
the energy impact of the users on the existing building 
stock. In addition, it targets at aiding the designers in the 
decision-making process and at supporting the design 
team in the choice of the most suitable retrofit strategy. 
In this context, the IESVE engine has been enhanced to 
allow third-party components to interact with the 
software and, in parallel, a stochastic UBM tool, 
obtained using one-year monitored data, has been 
developed to be coupled with the software. Similar 
approaches have been successfully adopted to reproduce 
other kinds of human-building interactions. For example, 
two different modules (i.e. FDS and Evac) have been 
coupled to simulate users’ egress during fire evacuations 
(Korhonen & Hostikka, 2010). 
This union targets at including the dynamic human-
building interaction in the simulation environment and at 
improving the accuracy of the simulations’ results. 

Methods 
This section describes the development of the UBM and 
the enhancements provided to the software to allow the 
integration between the two components. 
Specifically, the following information is provided:  

• the description of the mathematical model 
adopted to predict user-building interaction; 

• the overview of the real case study and the 
monitoring campaign; 

• the characterization of the UBM workflow; 
• the explanation of the implementation between 

the different components; 
• the enhancements provided to the IESVE 

software to allow the interoperability. 

Development of the UBM 
The UBM is a tool embedded with a stochastic 
mathematical model. The general formula of the model 
refers to the work of Wang et al. (Wang, Yan, Sun, & 
Jiang, 2016). Equation 1 reports the increasing form, as 
an example. 
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(1) 

 
Where, p(x) is the probability of actions’ occurrence, x is 
an environmental parameter (e.g. indoor temperature), 
Δτ and τc are two pre-determined and time-related 
constants (i.e. 10 minutes and 60 minutes, respectively) 
and u, l, and k are fixed coefficients which must be 
derived using regression methods. In particular, the 
parameter u is the threshold above (increasing form) or 
under (decreasing form) which the actions’ probability is 
evaluated. Conversely, the probability is zero. 
The formula has been widely adopted to predict several 
kinds of actions (e.g. light-switching behaviours, air-
conditioning use) in different contexts (i.e. residential 
building and offices) (Ren, Yan, & Wang, 2014; Wang, 
Yan, & Ren, 2016). The flexibility provided by the 
model allow also its application at district level (An, 
Yan, Hong, & Sun, 2017). 

Monitoring campaign 
A one-year monitoring campaign has been performed in 
an office building settled in Ancona, Italy. A previous 
research (Naspi et al., 2018) describes the features of the 
case study. The monitoring system has been installed in 
three rooms to acquire environmental parameters, 
devices status as well as occupants’ presence. 
Figure 1 shows one of the selected offices, occupied by 
three people. Indoor temperature, relative humidity and 
CO2 concentration have been acquired at the same height 
(about 160 cm). The illuminance has been recorded at 
the work-plane since the main activities were performed 

seating at the desk (e.g. typing at the PC). Windows 
status has been obtained using contact sensors which 
provide a Boolean output (0 for closed and 1 for open 
status). The occupancy has been collected by a PIR 
sensor (no data regarding the exact number of people can 
be derived). A 10 min sampling time has been set for all 
the parameters. The outdoor temperature has been 
recovered from a public weather station (property of the 
Marche Civil Defence), located at about 2 km from the 
building. 
 

 
Figure 1: A monitored office and the acquired 

parameters. 
 
 

 
Figure 2: Trend of environmental parameters, occupancy and users’ interaction with lights and windows 
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Figure 2 displays the trend of environmental variables in 
relation to the occupancy pattern and the status of the 
devices in one of the surveyed room during five days. 
Figure 2-a clearly shows that the lights are switched on 
at the decreasing of indoor illuminance; while they are 
turned off when the occupants leave the room. Figure 2-
b shows the mutual interaction between windows 
adjustments and the indoor temperature. Windows 
opening provokes a decreasing in the temperature and, 
consequently, such variation triggers the users in closing 
the windows to restore the comfort sensation. 
This one-year survey allowed an extensive investigation 
of users’ behaviours on windows and electric lights 
along different seasons. Moreover, the analysis 
permitted to assess if actions were environmentally 
driven or time-related (e.g. lights are switched off 
leaving the room). The observation of several rooms 
allows integrating the behaviours of different occupants 
and increasing the generalization of the model. 
Then, through a regression analysis, the coefficients of 
Equation 1 have been tuned for the specific case study. 
Specifically, Table 1 reports the parameters for each 
statistical correlation. 
 

Table 1: Coefficients of the equations 
 

Correlation u l k 
Window opening – 
Indoor temperature 

18 (°C) 8.6 (°C) 3.9 

Window opening – 
outdoor temperature 

0.1 (°C) 25.1 (°C) 8.9 

Window closing – 
indoor temperature 

31.5 (°C) 8.7 (°C) 3.1 

Window closing – 
outdoor temperature 

31 (°C) 18.9 (°C) 3.5 

Switching lights on- 
Work-plane illuminance 

360 (lx) 269.4 (lx) 12.6 

 

UBM workflow 
The developed equations have been integrated into the 
UBM structure. The main workflow of the UBM starts 
checking the occupancy of the rooms since it is the key 
precondition for any possible human-building 
interaction. Until the room is empty, the status of the 
devices cannot change. 
Figure 3 sketches the workflows of the models for 
lighting and windows adjustments. 
At the first time step, the lights are switched off and the 
windows are set closed. As soon as the room is 
occupied, the behavioural module starts calculating the 
probability to change the lights and windows status (P0,1) 
according to the environmental variables.  
Then, the two workflows slightly differ. In the lighting 
process, at each time step, it is calculated the probability 
to turn the lights on (P0,1) and, once this event happens, 
the lights are left switched-on until occupants’ departure. 
This procedure has been set according to the behaviours 
monitored in the case study and to results of previous 

investigations (Correia da Silva, Leal, & Andersen, 
2013). 
Differently, the windows status can change at each time 
step from open to close (P1,0) or vice versa (P0,1), in 
relation to environmental parameters and previous 
position of the window. 
At departure, when the occupancy schedule turns to 0 
(i.e. empty room), the lights are switched off and the 
windows are closed, independently from the 
environmental conditions. 
 

 
Figure 3: Scheme of the functioning of the behavioural 

functions 
 

Implementation of the equations with Scripted 
Profiles 
The stochastic UBM has been coupled with the IESVE 
simulation engine. This coupling has been made possible 
by the introduction of a new type of simulation profile 
that allows client defined functions, written in the 
Python programming language, to be embedded in the 
simulation. Using this feature, a simple co-simulation 
approach has been established that allows the exchange 
of data between the UBM and the simulation engine 
during the run. At each time step, the UBM receives the 
necessary input data (i.e. occupancy, environmental 
variables and previous devices’ status) and returns to the 
simulation the updated state of the device.  
At the end of the simulation process, the total energy 
consumptions and the lighting energy consumptions 
have been extracted to use them as key indicators for the 
results’ analyses. 

Enhancement of IESVE engine 
The IESVE simulation engine uses profiles as a way of 
allowing users to define custom behaviour. 
Traditionally, the behaviour is static and schedule based, 
with the state of a device or gain to a space governed by 
predefined values at set times over the simulation. To 
enable this work, however, the IESVE has been 
modified so that functions written in the Python 
language can be used to define a new type of scripted 
profile. At each time step, the Python function is called 
to give the profile value to be used during the simulation. 
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Scripted profiles have two main advantages over 
schedule based profiles. The profiles retain state, 
information from previous time steps can be held by the 
profile instance, for example, has a light switching event 
occurred for the current day. 

Simulations 
To test the UBM during the simulation run-time, a 
portion of the case-study building has been modelled in 
the IESVE environment. The sketch proposed in Figure 
4 shows that the model is composed of three identical 
floors for a sum of 12183 m3. The model is characterised 
by spaces with different end-use. Specifically, the rooms 
have been divided in offices (blue), corridors (orange), 
and stairs (red), according to the real end-use of the case 
study. 
 

 
Figure 4: Sketch of the building model 

 

The heating system, present in offices and corridors, has 
been set with a temperature set-point of 20 °C from the 
beginning of November to the mid of April, according to 
Italian regulations (Legge 9 Gennaio 1991 n.10, 1991). 
The staircases are not heated at all. Cooling and 
mechanical ventilation are both not present, as in the real 
building. 
 

Table 2: Settings according to the rooms end-use 
 

Settings Room type 
Office Corridor Stairs 

Occupants’ 
density 

20 m2/pers 93 m2/pers -- 

Occupancy  
profile 

Mon-Fri / 8-19 Mon-Fri / 8-19 -- 

Lighting  
threshold 

500 lx 500 lx -- 

Lighting  
profile 

Mon-Fri / 8-19 Mon-Fri / 8-19 -- 

Heating  
set-point 

20 °C 20 °C -- 

Heating  
profile 

Mon-Fri / 6-23 
Sat / 6-19 

Mon-Fri / 6-23 
Sat / 6-19 

-- 

Ventilation 
threshold 

24 °C -- -- 

Ventilation  
profile 

Mon-Fri / 8-19 -- -- 

 

Occupancy, heating, lighting and ventilation profiles 
have been set according to rooms end-use and following 
the guidelines of ASHRAE 90.1 2004 and ISO 

13790:2008. Table 2 presents the key features of the 
different spaces. 
Using such standard and deterministic settings, a one-
year simulation has been performed in order to obtain a 
baseline for comparisons. 
Then, the UBM has been applied only to office rooms to 
stochastically modify lighting and ventilation profiles 
during the simulation run-time. 
Considering that the UBM follows a probabilistic 
approach, each simulation provides unique results. For 
this reason, different sequences of one-year simulations 
with the UBM have been performed (i.e. 1, 3, 5, 10 and 
20 simulations). This process allowed preliminary 
investigations on the number of required simulations to 
obtain reliable results while minimising the computing 
time. 

Results and discussion 
In terms of computation time, the inclusion of the UBM 
increases of few seconds the duration of the simulation 
in comparison to the standard settings. The total time to 
perform one-year simulation is about 1 minute, for the 
current model. 
The first analysis concerning the adoption of the UBM, 
regards the number of required simulations to achieve 
trustworthy results. In fact, since the module follows a 
probabilistic modelling approach, each simulation 
provides different outcomes. In the perspective of 
minimising both the computing time and the deviation 
between different results, a preliminary analysis of the 
required number of simulations is presented. 
Usually, a large number of simulations makes the user 
more confident of the obtained results. However, when 
the variation between the different outputs is minimal, 
increasing the number of runs causes only extra time in 
simulating and in processing the results. Such 
conclusions have been confirmed also by previous 
studies, which indicated that adequate results can be 
achieved with 10 simulations (D’Oca, Fabi, Corgnati, & 
Andersen, 2014; Feng, Yan, & Wang, 2016). 
To investigate this aspect, four groups of samples with a 
specific amount of simulations have been performed. 
Specifically, 20, 10, 5, and 3 distinct simulations hold to 
the different groups. Following the approach proposed 
by Sun and Hong (Sun & Hong, 2017), for each group, 
the percentage difference between the maximum and 
minimum value has been calculated and reported in 
Table 3. 
 

Table 3: Analysis of total energy consumptions under 
different simulations’ repetitions (unit: MWh). 

 

Simulations Min Max 100(max/min-1)% 
20 426.4 426.7 0.079 
10 426.5 426.7 0.046 
5 426.4 426.6 0.049 
3 426.5 426.7 0.044 
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For all the tested groups, the variation is always lower 
than 1%. These percentages are very similar to those 
obtained by Sun and Hong (0.18-0.08%) and 
significantly inferior to those reported by D’Oca et al. 
(10-12%). However, it should be noted that the former 
study considered the energy conservation measures in 
commercial buildings, while the latter analysed the 
energy consumptions in homes. The intended use is one 
of the key factors in affecting these evaluations. In fact, 
residential buildings represent contexts extremely 
different from commercial ones, both in terms of 
boundary conditions and occupants’ freedom in 
interacting and adjusting the surrounding.  
In relation to these findings, the achieved outcomes 
suggest that, for the tested model, just one simulation 
could be sufficiently representative in terms of annual 
energy consumptions. Moreover, running only one 
simulation the computing time is considerably reduced. 
Assessed the reliability of the approach, the results 
obtained using the UBM have been compared to those 
achieved from the baseline simulation (i.e. using 
standard profiles). 
A comparison of lighting and total energy consumptions 
obtained using the standard and the behavioural 
approach is displayed in Figure 5. 
 

 
Figure 5: Percentage difference of building 

performances using standard profiles and the UBM. 
 

The variation related to the lighting use is found to be up 
to 10%, with higher consumptions using fixed profiles. 
This result is a consequence of the profiles settings. In 
fact, the standard profiles, following the prescriptions of 
regulations for office buildings, turn on the lights when 
the indoor illuminance is lower than 500 lx. Conversely, 
the UBM starts calculating the probability for light-
switching from lower illuminance levels (u=360 lx), 
according to the behaviours recorded in the monitored 
building. 
In comparison to consumptions related specifically to the 
lighting use, the overall building consumptions show a 
much smaller variation. In fact, the difference between 
the approaches is about 2%. This result can be 
considered a consequence of both building features and 
modelling settings. In fact, during the winter season, 
when the consumptions are mainly a consequence of the 
heating system, the window use is minimal. Conversely, 
during summer, when windows’ adjustments are 
extremely frequent, no building system consumes fuel 
since the spaces are naturally ventilated (i.e. neither 

cooling nor mechanical ventilation system have been 
modelled). 
Despite these promising results, additional analyses will 
be necessary for a deep statistical evaluation of the 
amount of appropriate runs (e.g. using Monte Carlo 
methods). Such evaluation is strictly connected also to 
the features which are stochastically modelled (e.g. 
including a stochastic occupancy). In fact, the increase 
of the probabilistic inputs should affect the uncertainty 
of the output, especially in relation to aspects which are 
strictly connected to the energy use (e.g. heating system 
adjustments).  
This paper presents a behavioural module which is 
strictly representative of the surveyed building 
(calibrated behavioural models). Such characteristic is 
one of the main reasons for the slight deviations between 
the different stochastic simulations. Increasing the 
availability of the experimental data is one crucial step to 
generate models which could be applied to broader 
contexts (general behavioural models). In the case of 
simulations with general models higher variability of the 
results is expected. 
To investigate the influence of additional stochastic 
behaviours (e.g. blind opening/lowering, set-point 
adjustment) and patterns (e.g. occupancy), the workflow 
presented in this study can be easily adapted and 
extended to other actions. In fact, with the support of 
extensive environmental and behavioural monitoring 
campaigns, it is possible to tune the coefficients of the 
equations for a specific target. So far as a monitoring 
campaign is not feasible, the developer can adopt 
coefficients proposed in previous studies in relation to 
the simulated context (Hong et al., 2015). In addition, 
the functions can be easily reshaped adjusting the 
coefficients for a better representation of any typical 
behaviour. 
In this perspective, future studies will be directed in 
testing the UBM modifying both the building settings 
(e.g. including cooling) and the climatic conditions to 
evaluate the impact of these features. In addition, 
investigations on further users’ behaviours will be 
addressed to enhance the capabilities of the module. 
Validation of the UBM is another essential future step. It 
can be performed in a direct manner, comparing real and 
predicted behaviours, or in a reverse way, starting from 
the overall energy data to obtain occupants’ behaviours 
(as performed in previous research projects) (Steemers & 
Yun, 2009). 

Conclusion 
This paper presents a User Behavioural Module (UBM) 
tool to stochastically reproduce users’ behaviours during 
the simulation run-time. In fact, the tool has been 
coupled with the IESVE energy simulation software to 
dynamically include the human-building interaction 
through a co-simulation approach.  
The UBM, developed using data monitored in a demo 
site, has been tested to simulate window opening and 
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closing and light-switching behaviours in an office 
building. 
Since window and light use are modelled using a 
probabilistic method, each simulation provides different 
outcomes. The preliminary evaluation of the required 
number of runs suggests that just one simulation could 
be rather representative since the variations of the energy 
consumptions are always lower than 1%.  Previous 
studies, proposing to run 10 simulations, provided higher 
differences in the energy consumptions. These 
differences indicate that boundary conditions, modelling 
settings and the type of stochastic actions play all a key 
role in evaluating the number of required runs. 
The outcomes obtained using the UBM have been 
compared to those related to a baseline simulation, 
performed with static profiles form ASHRAE 90.1 2004 
and ISO 13790:2008 and set according to rooms end-
use. A difference up to 10% has been recorded for 
lighting energy consumptions, while a much lower 
variation (about 2%) is connected to the overall building 
performance. 
The modelling and simulation approaches proposed in 
this study enable dynamic interaction of different 
components during the simulation run time. The 
enhancements to the IESVE engine allow for the 
inclusion of stochastic models for user behaviour into 
building energy simulation and can – in this way – 
provide considerable benefit to the user. Moreover, the 
UBM is a component of an integrated design platform 
developed within the NewTREND European Project, 
which aims at supporting the stakeholders during the 
building design, operation, and retrofit phases. 
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