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Summary 

The building sector accounts for more than one third of global energy consumption. 
Concurrently, this sector also represents huge untapped potential for saving energy and reducing 
emissions of greenhouse gases (GHG). The challenges of accurately predicting and subsequently 
optimizing the energy performance of existing and new buildings must be overcome in order to 
tap this potential. However, any attempt to overcome these challenges must take account of the 
comfort expectations of building occupants, which continue to increase. 
Building performance simulation (BPS) software are able to simulate the energy and comfort 
performance of buildings. Their use is becoming widespread in supporting the design and 
operation of buildings with high indoor environmental quality (IEQ). However, a number of 
uncertainties related to the BPS models impair the reliability of their simulation outcomes. 
  
Occupant behavior (OB), defined as the presence and actions of occupants that affect building 
energy use, is recognized as a main source of discrepancy between simulation predictions and 
actual building performance. For this reason, researchers are attempting to offer more realistic 
alternatives to the simplistic assumptions regarding occupants that are commonly made in BPS 
models. Literature shows a proliferation of increasingly complex, data-based models that describe 
occupant presence and behaviors. However, the use of these models in practice is still very 
limited. Moreover, simpler models might be preferable, depending on the purpose of the 
investigation. 
  
This doctoral dissertation explores how computational modelling, simulation and sensitivity 
analysis techniques can be used to appropriately represent occupants and their behaviors when 
predicting the energy and comfort performance of buildings. 
More specifically, the aim of this work is to develop a computational methodology that can be 
used to facilitate the model selection of various OB aspects in order to achieve fit-for-purpose OB 
modelling. 
  
The methodology comprises four main steps. The first three steps (the Impact Indices Method, 
the Diversity Patterns Method, and the Mann-Whitney U test) are developed to identify which 
OB aspects are truly influential for the simulation output. These three steps can be seen as a 
sequence of increasingly complex sensitivity analyses. The fourth step concerns dealing with the 
influential OB aspects. Two options are assessed: i) reducing the epistemic uncertainty connected 
with the influential aspects; and ii) refining the modelling approach adopted to represent 
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influential OB aspects. In this dissertation, two refined modelling approaches are explored: 
increasing the model complexity using stochastic models, and the use of high-resolution real 
data. Each step of the methodology has been iteratively developed through virtual experiments 
and reliability tests. The complete methodology is coded in a numerical computing environment 
coupled with a BPS software. 
  
The methodology is applied to existing buildings or building components to test its capabilities. 
A number of design questions are explored, corresponding to different phases in the building 
lifecycle. More specifically, the first application case study concerns the appropriate modelling 
of occupant presence during the R&D process of adaptive shading control strategies. A second 
case study illustrates the potential of the methodology to reach fit-for-purpose OB models during 
the design stage. Lastly, the Impact Indices Method is tested for energy performance contracting 
(EPC) of three existing Dutch office buildings. 
  
The outcomes of this research show that the computational methodology presented here is able 
to produce BPS models that include an adequate (fit-for-purpose) representation of occupants 
and their behavior, while satisfying the purpose of the simulation in an efficient and effective 
way. The models obtained with the methodology proposed here allow for more informed decision-
making compared to traditional OB modelling techniques. When compared to calibrated models, 
the fit-for-purpose models require fewer input parameters without compromising the desired 
predictive ability. For these reasons, the computational methodology is effective in supporting 
simulation users in the selection of OB models and shows good potential to improve the 
traditional building design process. 
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1 Introduction 

‘In Science – in fact, in most things – it is usually best to begin at the beginning. In some 
things, of course, it’s better to begin at the other end. For instance, if you wanted to paint a 

dog green, it might be best to begin with the tail, as it doesn’t bite at that end. And so -’ 
 

Lewis Carroll, Sylvie and Bruno Concluded 
 

 

 

 

 

 

 
 
This chapter presents the background knowledge necessary to comprehend this thesis and to motivate this 
research in Section 1.1 to Section 1.3. There are four main topics of interest: i) the energy use in the built 
environment; ii) building performance simulation (BPS) as a tool to enable the design and operation of 
traditional as well as energy-efficient buildings; iii) the uncertainties connected to BPS models, among which 
occupant behavior (OB) plays a central role; and iv) the profound inconsistency among OB modeling in 
practice and in the academic community. Further, Section 1.4 discusses the main aim of this thesis: the 
development of a methodology to support appropriate OB model selection, and the objectives connected with 
such an aim. Section 1.5 summaries the relevant contributions of this thesis to the state-of-the-art. The 
thesis outline is given in Section 1.6. 
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1.1  Energy use and comfort in the built environment 

Energy consumption of buildings has dramatically increased over the past decade due to urban 
population growth, more time spent indoors, bigger floor area per capita and improved indoor 
environmental quality standards (IEA 2017). People in developing countries are adapting their 
comfort expectations to western levels, further increasing the demand for energy in buildings 
(Amecke et al. 2013). For these reasons, cities have become a major frontline in our struggle to 
save energy and combat human-related climate change. A number of international agreements 
(such as the Energy Performance of Buildings Directive (EPBD) in Europe) seek to control the 
energy use in buildings around the world, today estimated to represent a significant share of the 
total energy used, for example, in India (35%), in China (37%), and in Europe and United States 
(40%) (Cao, Dai, and Liu 2016). Global and local building policies set stringent energy goals for 
new and existing buildings with the aim of reaching near zero energy and carbon emissions. At 
the same time, concerns exist about the comfort-related risks arising from low-energy, highly 
insulated buildings in a changing climate (Chvatal and Corvacho 2009; McLeod, Hopfe, and 
Kwan 2013; Sameni et al. 2015).  
In this context, predicting, assessing, and verifying the energy and comfort performance of 
buildings has become vital at different stages of the building design cycle, from conceptual design 
to post-occupancy evaluation.  

1.2  Building performance simulation 

Building performance simulation (BPS) software are useful tools to calculate the energy and 
comfort performance of buildings. Their use has become widespread in supporting the design 
and operation of buildings, which are becoming more and more complex and energy-efficient, 
without compromising indoor environmental quality (IEQ).  
BPS is defined as the use of computational, mathematical models to represent the physical 
characteristics and control strategies of a building design or actual building (or buildings) and 
its (their) systems (Hong, Langevin, and Sun 2018).  
Available BPS tools differ in terms of ease-of-use, accuracy, required inputs, and level of 
complexity (Hensen and Lamberts 2011). They vary from simple, reduced-order models based 
on physical models, to more detailed, high-order dynamic simulations. Typically, a BPS model 
is composed of a number of sub-models, or sub-domains, such as thermal model, daylight model, 
airflow model, heating, ventilation, and air conditioning (HVAC) model, and occupant behavior 
(OB) model (Fig. 1.1). Therefore, even within a single BPS tool, different levels of model 
complexity can be achieved according to the chosen sub-models (Gaetani, Hoes, and Hensen 



 
 

 
 

3 

2016a). Different tools and sub-models may be preferable depending on the aim of the simulation 
and on the building design stage (CIBSE 2015). 
BPS models are typically deterministic, i.e. they contain no random variables and no degree of 
randomness. These models have known inputs and they result in a unique set of outputs (for 
example, the amount of yearly energy use in kWh/m2 or the indoor temperature distribution in 
°C). However, it frequently occurs that not all inputs are known with certainty by the simulation 
user. As a result, the BPS outputs rarely correspond to reality because the models necessarily 
include uncertainty. The discrepancy between simulation results and reality is often referred to 
as the performance gap (van Dronkelaar et al. 2016).  

Geometry

Thermal 
Properties

Weather

Use Scenario

Thermal Model

Daylight Model

Airflow Model

HVAC Model

OB Model

Energy 
Performance

Comfort 
Performance

 
Fig. 1.1: Overview of exemplary input and modeling sub-domains needed to achieve building energy and 

comfort performance predictions 

The reliability of BPS tools’ outputs is dependent on the quality of the BPS models and on their 
input, following the garbage in = garbage out principle. However, even though much effort may 
be put into the model, the BPS models are still subjected to uncertainty. In particular, the 
following types of uncertainties are distinguished (de Wit and Augenbroe 2002): 

- Numerical uncertainty arising from the numerical techniques, model discretization, 
and computational hardware used to run a mathematical model; 

- Modeling uncertainty resulting from the fact that all models are imperfect 
representations of reality; 

- Input uncertainty associated with the unknown or uncertain input parameters. 

This research focuses on the third type of uncertainties – the input uncertainties –, which 
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represent the lion’s share of the discrepancy between simulation results and reality (Macdonald, 
Clarke, and Strachan 1999). Other types of uncertainty, such as modeling uncertainty, are 
somewhat avoidable, for example by improving the quality of the models. Conversely, the 
uncertainty associated with model inputs may not be reduced if the information is not available.  
Input uncertainties are themselves categorized into two main groups: i) epistemic uncertainties 
(from Greek epistēmē, ‘knowledge’), which are connected to knowledge and can be reduced by 
gathering more data; and ii) aleatory uncertainties, which are associated with the unpredictable 
boundary conditions and use scenarios of a building, such as weather and OB. 

 OB-related uncertainties in BPS  

Numerous researchers have identified OB as the single most important source of uncertainty in 
BPS (e.g., Li, Hong, and Yan 2014; Yan and Hong 2018; Yan et al. 2017). OB includes the 
physical presence of occupants, as well as their actions that have an influence on the energy use 
and thermophysical behavior of a building, such as using plug-loads, operating windows and 
shading devices, setting thermostats, etc. 
Indeed, how occupants behave within buildings can have a dramatic effect on the building’s 
energy and comfort performance. Fig. 1.2 shows the difference between the highest and lowest 
consumers in heating energy (Fig. 1.2a) and total energy (Fig. 1.2b) in terms of ratio in identical 
buildings where the sole difference are the occupants.  
 

 

Fig. 1.2: Ratio of highest energy consumer to lowest heating energy (a) and total energy (b) consumer in 
identical buildings due to OB only. Climate and #n indicate where different buildings were investigated in 

the same publication 
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2013 [2]) and five field studies (Morley and Hazas 2011 [3]; Gram-Hanssen 2011 [4]; Maier, 
Krzaczek, and Tejchman 2009 [5]; Gaunt and Berggren 1983 [6]; Andersen 2012 [7]), while Fig. 
1.2b presents the outcome of three simulation studies (Wang, Mathew, and Pang 2012 [8];  Hong 
and Lin 2012 [9]; Clevenger, Haymaker, and Jalili 2014 [10]) and four field studies (Norford et 
al. 1994 [11]; Lutzenhiser 1993 [9]; Muroni 2017 [12]; Sonderegger 1978 [13]). On average, a ratio 
of about 1:4.5 (heating energy) and 1:3 (total energy) between the buildings using the least and 
the most energy was observed due to differences in OB alone. Conversely, the median values 
(reported in the figure) are 2.4 and 2.2 for heating energy and total energy, respectively. These 
values give an impression of the potential uncertainty of BPS output if variation in OB is not 
taken into account in a suitable way. However, Fig. 1.2 also shows the high variability of OB 
influence among different studies. The study showing the highest discrepancy is by Andersen 
(2012), who collected data in 290 identical townhouses located in Copenhagen, Denmark. The 
data indicated that the heating consumption ranged from 9.7 kWh/m2 to 197 kWh/m2, or a 
ratio of about 20. Despite being identical, the townhouses must have had entirely different OB 
patterns in terms of number of occupants, presence and behaviors. On the other hand, Lin and 
Hong (2013) found through simulation that the impact of OB in a large office building in 
Fairbanks, US led to a -19% to +22% (or a ratio of 1.5) discrepancy with the baseline model. In 
this building, most of the variation due to OB was related to the setting of the heating 
temperature setpoint.  
The different studies investigated diverse buildings, climates, occupants, and available 
interactions between occupants and building. This research demonstrates that it is impossible 
to define a priori what the influence of OB on building performance may be. What is important 
to note, however, is that the influence of certain aspects of OB on building performance increases 
as building envelopes and systems are optimized, technical performance standards become 
tighter and low-energy systems become more widespread (Clevenger and Haymaker 2006). In 
other words, the more energy-efficient the building, the more attention needs to be paid to the 
impact of OB on building performance. 

 Perception of OB-related uncertainties  

A large survey was carried out among BPS users to determine if the uncertainty in OB and its 
modeling was also perceived as a relevant topic outside the academic community (O’Brien et al. 
2016). The majority of the survey’s respondents agreed that OB was the most important source 
of discrepancy between BPS predictions and measurements in real buildings, confirming that 
this issue was also seen as relevant among practitioners (Fig. 1.3).  
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Fig. 1.3: Survey results regarding 274 participants’ attitude about the leading source of discrepancy 

between BPS predictions and measurements 

Once the significant effect of OB on building performance has been recognized, a number of 
options are available. One could choose to accept the performance variations caused by OB as 
inevitable, or one could try to change the current situation, for example by encouraging 
behavioral changes towards energy-efficiency. The first option is currently widespread, but it 
severely undermines the reliability of BPS tools, and the possibility of using them for decision-
making. The second option typically involves social scientists rather than building engineers. A 
third option is available, i.e. trying to include such variations in simulations, so that the effect 
of OB can at least be predicted and taken into account when making decisions. Appropriate 
modeling of OB allows such variations to be included in BPS to achieve reliable predictions. 
However, while BPS tools are extremely advanced in predicting the functioning of building 
envelopes and systems, they are still lacking in the ability to properly address how occupants 
behave within buildings.  

1.3 Occupant behavior modeling in BPS: research vs. practice 

Despite understanding the relevance of OB modeling in BPS, most simulation users still rely 
upon fixed, a priori schedules and other simple IF-THEN models to describe occupant presence 
and their behavior. Schedules and IF-THEN models represent a completely foreseeable, 
repetitive environment where changes only occur because of predefined shifts in a one or more 
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variables (typically, time or environmental triggers). They represent the lowest level of 
complexity of the OB sub-model, and are often dictated by standards such as ASHRAE 90.1 
(ASHRAE 2013). Simulation experts agree that OB modeling features should be improved in 
BPS tools, but they object that there are no better available modeling options, nor guidance for 
model selection (O’Brien et al. 2016). 
In response to these concerns, researchers have been developing a growing number of increasingly 
complex models (for example, stochastic, agent-based models). Nevertheless, these models are 
subject to questions about their validity and seldom find application in practice (Gaetani, Hoes, 
and Hensen 2016a). Moreover, simulation users are not supported in the model selection for a 
specific case, which leads to a negligible application of research models in practice.  
An oversimplified approach to OB modeling may lead to a number of pitfalls such as: designing 
buildings that do not achieve the desired performance; over- or under-sizing of building systems; 
and failing to optimize building design and control for actual occupant presence and behavior. 
On the other hand, using complex, often stochastic models, requires specific expertise and large 
expenditures of time and money, which may not be justified by the improvement in the 
simulation’s output quality. Other applications that could benefit from an appropriate 
representation of OB include: risk assessment; controls and operations; demand-side 
management; building flexibility; occupant comfort analysis; and simulation-based occupant-
feedback mechanisms.  
A growing understanding of the importance of the human dimension from the early stages of 
the design phase is identifiable (e.g., (“IEA EBC Annex 79” 2019)). Consideration of 
building/occupant interactions during the design phase has been shown to lead to more efficient 
and comfortable designs (Bullinger et al. 2010). Among the international projects, the upcoming 
IEA EBC Annex 79 proposes a paradigm shift in the way occupants are modeled in buildings, 
towards occupants as active decision-making agents who respond to indoor environmental 
conditions (Fig. 1.4). 
 

Occupant(s)

Building

Heat, moisture, CO2 gains

Energy and 
comfort

performance

Conventional occupant modeling

Operation
conditions

Occupant(s)

Building
Energy and 

comfort
performance

Next generation occupant modeling

Operation
conditions

IEQ

Adaptive actions (windows, 
thermostats, blinds, lights, 

etc.)

Interface (considering design, 
context, logic)

Acoustic 
comfort

Visual 
comfort

Thermal 
comfort

Indoor Air 
Quality

 
Fig. 1.4: Paradigm shift in the way occupants are modelled in buildings: from occupants as passive sources 

of heat, moisture, and emissions to active decision-making agents who respond to indoor environmental 
conditions. Adapted from (“IEA EBC Annex 79” 2019) 
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Moreover, the currently available technology renders it possible, for the first time, to quantify 
how efficient a building is in respect to the service it delivers, i.e. providing a comfortable and 
productive environment for occupants. This fact led researchers (O’Brien et al. 2017) to argue 
that building performance should be evaluated from an occupant-centric perspective.  
These initiatives demonstrate how occupant modeling is likely to play an increasingly important 
role for building design and operation in the near future.  
Due to all of the reasons mentioned above, there is a need to bring together research and 
application by providing guidance for practitioners about OB model selection. Doing so would 
also increase the probability that the efforts made in the academic community to develop models 
are rewarded by the successful application of the models in practice. 

1.4 Aim and objectives 

This PhD study seeks to improve the state-of-the-art by developing, testing and evaluating a 
computational approach that can be used to support informed decision-making regarding OB 
model complexity for building energy and comfort performance simulation. In particular, this 
study puts forward the concept of “fit-for-purpose” OB modeling, whereby an appropriate 
approach to modeling of different aspects of OB is strictly directed by the object and purpose 
of the BPS simulation. 
Four objectives are directly related to this research aim: 

- To develop an effective strategy for the selection of model complexity of various OB 
aspects; 

- To integrate such a strategy into a computational building performance simulation 
tool and to test its reliability by means of virtual experiments; 

- To illustrate, using virtual and real case studies, how the developed strategy leads to 
efficient, informed decision-making and improves traditional modeling techniques; 

- To better understand the relationships between various aspects of OB and building 
(energy and comfort) performance in a number of demonstration examples. 
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1.5 Contributions 

The single most important contribution of the work connected to this thesis is the development 
of a methodology – the fit-for-purpose occupant behavior modeling (FFP-OBm) strategy – 
that supports practitioners and BPS users in general in the choice of appropriate OB models. 
As shown later in this thesis (Chapter 2), there is a large amount of studies proposing new, 
increasingly complex, OB models, but a very limited number of authors address the issue of 
model selection. The few studies that do address this issue do so in a very abstract, theoretical 
way, rather than providing support for practitioners. Moreover, in OB modeling, virtually all 
previous studies have been concerned with a case study bound demonstration of models’ 
predictive ability. This thesis is the first attempt to rigorously address the issue of OB model 
complexity such that it can be generalized to applications other than the ones presented in 
research papers.  
The integration of the FFP-OBm strategy in commonly used BPS software led to the creation 
of knowledge in the field of OB modeling for BPS. A number of findings emerged from 
applying the strategy to virtual and real case studies:  

i) the appropriate OB model complexity is indeed case-specific, it cannot be 
selected a priori, and it depends on the object and purpose of the simulation; 

ii) the fit-for-purpose OB model complexity varies per aspect of OB; 

iii) higher complexity models are often not needed for decision-making, and are 
subject to questions regarding their validity and applicability; however, 
consciously addressing the issue of OB model selection as opposed to using 
traditional, oversimplified techniques is crucial for successful decision-making 
in building design and operation; 

iv) the FFP-OBm strategy is able to produce BPS models that are more 
lightweight than purely data-driven models without compromising their 
desired predictive ability. 

The research connected to this thesis was widely disseminated during the process by means of 
attending scientific conferences and publishing journal papers (see Publication List). These 
contributions were able to induce a shift of mindset in the OB community: the “fit-for-
purpose” OB modeling approach was seen as an improvement on to “the more complex, the 
better” rationale. This shift of mindset was clearly visible during the IEA EBC Annex 66 project 
and it was advertised as one of the main deliverables of the project (Yan et al. 2017). The 
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integration of fit-for-purpose model selection in available OB modeling frameworks is today 
considered necessary (Hong, Langevin, and Sun 2018). 
For these reasons, this thesis provides a significant contribution towards appropriate OB 
modeling, and moves forward the state-of-the-art in the field.  

1.6 Thesis outline 

Chapter 2 concerns the state-of-the art in OB modeling. In particular, it presents the challenges 
connected with the sub-domain of OB in the wider context of BPS modeling. The mathematical 
formalisms currently adopted to represent OB are illustrated and a wide range of models are 
reviewed. Moreover, the few existing studies comparing the predictive ability of models 
characterized by different levels of complexity are summarized. The aim of the chapter is to 
familiarize the reader with the abundant number of OB models and their connected issues, as 
well as to highlight the research gap of model selection. 

Chapter 3 presents the research methods that were used during the iterative process of 
developing, applying and evaluating the FFP-OBm strategy. This chapter includes the 
theoretical concepts on which the work is based, as well as the scoping of the work and 
computational tools used to implement the strategy. 

Chapter 4 illustrates the first step of the FFP-OBm strategy: the Impact Indices Method. A 
virtual experiment is used to demonstrate the method. The reliability of the Impact Indices 
Method is assessed by comparing the method’s outcome with one-at-a-time sensitivity analysis. 

Chapter 5 introduces the second and third steps of the FFP-OBm strategy: the Diversity 
Patterns Method and the Mann-Whitney U test. Just like in Chapter 4, a virtual experiment is 
used to demonstrate the method and its reliability. In particular, higher complexity models are 
applied to both influential and non-influential aspects to show their effect on the results. 

Chapter 6 provides an overall view of the FFP-OBm strategy. This chapter includes all steps 
that were not previously discussed and applies the overall strategy to a simple virtual case study. 
The chapter aims to demonstrate the entire FFP-OBm strategy process and to illustrate the 
benefits of the strategy for design decision-making. 

Chapter 7 presents the results of the application of the strategy: the strategy is here applied to 
real buildings, and its outcome is compared with real data. In particular, one case study applies 
the strategy to the R&D process of innovative solar shading systems; a second case study relates 
the strategy outcome with high-resolution real data from a university office of TU Wien; and 
two further case studies use the Impact Indices Method during Energy Performance Contracting 



 
 

 
 

11 

(EPC) of office buildings.  

Chapter 8 discusses the main outcomes of the thesis, as well as its limitations and further work. 
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2 Occupant behavior in building performance 
simulation 

While physics and mathematics may tell us how the universe began, they are not much use in 
predicting human behavior because there are far too many equations to solve. I'm no better 

than anyone else at understanding what makes people tick, particularly women. 
 

Stephen Hawking 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
This chapter discusses the fundamentals of OB modeling in BPS. First, in Section 2.1, the main aspects of 
OB are discussed in relation to their effect on building energy and comfort performance. Occupant presence, 
adaptive and non-adaptive behaviors are treated separately due to their intrinsically different nature. Then, 
in Section 2.2, the existing modeling formalisms to represent OB are presented, with a focus on their 
complexity. Section 2.3 is a literature review of the available OB models. Section 2.4 reports the results of 
existing studies that compare the predictive ability of different modeling formalisms. The issue of model 
validity is discussed in Section 2.5. To conclude, Section 2.6 highlights the knowledge gaps derived from the 
presented literature review.   
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2.1 Modeling the influence of occupant behavior on building 
performance  

 
As mentioned in Chapter 1, OB modeling is just one of the modeling sub-domains in BPS, 
alongside thermal, daylight, airflow and HVAC models. The modeling sub-domains are, however, 
closely interrelated. For example, the geometry of the building and its surrounding, the thermo-
physical properties of its windows and shading devices, as well as the description of the weather, 
concur in defining the use of shading devices. If the modeling formalism for the operation of 
shading devices is more complex, there may exist a feedback loop with other sub-domains such 
as thermal, daylight and HVAC models (Fig. 2.1).  
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Fig. 2.1: The example of use of shading devices: inter-connection with input and modeling sub-domains 
exist in advanced modeling formalisms 

The prediction of the effects of OB on the energy and comfort performance of a building 
necessarily depends on the adequate representation of all inputs and modeling sub-domains. 
Modeling the interactions between occupants and buildings is a complex task. The goal of 
building performance simulation is to investigate energy- and comfort-related building 
performance indicators. As such, this thesis only considers behavioral aspects that have a direct 
effect on either building energy or comfort. This research does not seek to understand the 
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physiological and psychological needs that motivate occupants’ actions, but rather it 
concentrates on the potential effects of such actions (and presence) on building performance.  
But how do occupants influence building performance? Occupants affect their surrounding 
environment by simply being there. They influence the building heat balance by emitting sensible 
and latent heat, but they also produce water vapor, CO2 and pollutants. Occupants are not mere 
spectators of their surroundings, but rather they react to them in a number of ways, from 
physiological adaptation (e.g., sweating or shivering), to personal adaptation (e.g., adjusting 
their level of clothing, changing activity level or consuming a hot/cold beverage), to environment 
adaptation (e.g., adjusting the thermostat, operating a fan, opening or closing windows and 
blinds). The adaptations aiming at restoring comfort are named adaptive behaviors (de Dear and 
Brager 1998). 
Other than by means of adaptive behaviors, occupants may affect the building energy 
consumption by the activities they perform, such as computer work in offices or cooking in 
dwellings. The energy-related behaviors that enable an activity are named non-adaptive 
behaviors (O’Brien and Gunay 2014). The coming sections concern modeling occupant presence 
(Section 2.1.1), adaptive behaviors (Section 2.1.2) and non-adaptive behaviors (Section 2.1.3) 
for building energy and comfort performance.  

 Modeling occupant presence 

Occupant presence has a dual impact on the building energy and comfort performance: i) 
directly, as a source of metabolic heat gains, humidity, CO2 and pollutants, and ii) indirectly, 
as a prerequisite trigger for adaptive and non-adaptive energy-related behaviors. The 
assumptions made while modeling occupants also directly impact the resulting comfort levels. 
Occupants’ direct impact on the heat balance occurs as heat is generated in the human body by 
oxidation at a rate called the metabolic rate. The heat is then dissipated from the body surface 
and respiratory tract by a combination of radiation, convection, and evaporation. The number 
of occupants present in a zone at a given time is multiplied by the metabolic rate to obtain the 
internal heat gains due to people. The metabolic rate depends on the representative occupant 
type. For example, EnergyPlus employs an average adjusted metabolic rate to a typically mixed 
group of occupants, where adult females and children have a metabolic rate of 0.85 and 0.75 
times that of an adult male, respectively. The metabolic rate can also be input in the model in 
the form of activity level (for example, expressed in W/person). Values for activity levels can 
range from about 70 W/person for sleeping to 900 W/person for intense sport activity such as 
competitive wrestling (ASHRAE 2013). The relative proportion of sensible (radiation plus 
convection) and latent (evaporation) heat from occupants is a complex function of the metabolic 
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rate and the environmental conditions. In fact, physiological adaptation alters the sensible/latent 
heat component balance (e.g., sweating). For example, in EnergyPlus, a polynomial function is 
used to divide the total metabolic heat gains into sensible and latent portions (EnergyPlus 2019). 
However, the simulation user can override this value. A further required input is the fraction of 
radiant heat, which is multiplied by the total sensible energy load emitted by occupants to 
obtain the long wavelength radiation gain from human beings in a zone. The residue of the 
sensible energy load is assumed to be convective heat gains.  
Whether and how many occupants are present in a zone also has an indirect impact on buildings’ 
energy performance, as this information is often needed as a model input to other aspects of OB. 
For example, the number of occupants present may be multiplied by the total capacity of 
appliances installed in an office in order to derive the amount of energy use for appliances at a 
given time.  
The comfort performance of a building is influenced, apart from the number of people present 
in the building, by the assumptions made concerning their activity levels, work efficiency, 
clothing insulation, and the zone air velocity.  
It can be appreciated how a number of different parameters concur in providing an accurate 
evaluation of the influence of occupant presence on energy and comfort performance. These 
parameters can often be manually input within BPS software, giving the user the possibility of 
fully personalizing his/her model. However, in the majority of cases standard assumptions are 
made (O’Brien et al. 2016).  
This study focuses on the models which deal with predicting the occupant presence levels of a 
building, expressed as percentages of the maximum occupant presence, occupant presence status 
(present vs. absent), or number of occupants. These models are referred to as occupancy or 
occupant presence models. Nevertheless, a high number of variables are needed to achieve an 
accurate estimation of the impact of occupant presence on energy and comfort performance. 
Hence, despite having correct information about the number of occupants, the simulation 
assessment could still contain errors resulting from the great number of uncertain parameters. 

 Modeling adaptive behaviors 

The introduction to this chapter considered how occupants adapt to their environment in many 
different ways. Physiological adaptation occurs in every living being and plays a predominant 
role in the evolution of the species (O’Neil 1998). In this study, however, the term adaptive 
behavior refers to all actions consciously performed by people to alter their surrounding 
environments to “maintain or restore their comfort” (de Dear and Brager 1998). Comfort is 
subjective and shaped by a number of sociological and psychological factors. Rarely do two 



 
 

 
 

17 

people feel comfort/discomfort in the exact same conditions, but there may be macro-trends. 
People can be clustered according to their attitude towards adaptation, e.g. passive occupants 
may feel the need to adapt their environment less often than active occupants. Differences in 
attitude towards adaptation could also result from physiological attributes, e.g. women may 
start feeling cold at a higher temperature than men (Kingma and van Marken Lichtenbelt 2015). 
Moreover, adaptive behaviors could be influenced by other contextual factors such as proximity 
to the device that can be adjusted (e.g., proximity to a window in an office environment), or to 
one’s position in a social hierarchy. There exist OB models that attempt to account for occupant 
diversity, a much-discussed topic in the OB community (O’Brien et al. 2016; Haldi 2013). It is 
evident that modeling adaptive behaviors is no easy task due to the large number of influential 
factors. The following sections concern those actions that have the largest impact on energy and 
comfort performance, i.e. shading device or blind operation, window and door operation, light 
use, and the HVAC system control.  

2.1.2.1 Shading device or blind operation 

Shading devices affect the window system transmittance and glass layer absorptance for short-
wave radiation and long-wave (thermal) radiation. They influence the building energy 
performance by reducing solar gains, and possibly reducing heat losses (e.g. through movable 
insulation). Moreover, shading devices may have a secondary effect on building energy 
performance as they could influence the amount of required electrical lighting. They affect the 
visual comfort performance of a building by controlling daylight availability, transmitted 
luminous flux and views to the outside. The effect of shading devices depends on the shade 
location (interior, exterior or between-glass), its transmittance, the amount of radiation absorbed 
by the device, the amount of inter-reflection between the shading device and the glazing, and 
the shade position (partially open or closed). The incident solar radiation must be correctly 
modeled, for example by means of an accurate weather file and by taking into account 
neighboring shading surfaces. OB models aiming at representing the operation of shading devices 
or blinds focus on their opening/closing state. The challenge in modeling the use of manual 
blinds is that people generally close the blinds because of discomfort, thus also affecting the 
incoming thermal radiation, but they typically fail to open them again when comfort conditions 
would allow it (O’Brien, Kapsis, and Athienitis 2013).  

2.1.2.2 Window and door operation 

Windows and doors can be opened in buildings to allow the flow of air from the outdoor or 
neighboring environment into a zone (Fabi et al. 2012). The airflow affects the hygrothermal 
conditions of the zone, as well as its indoor air quality. The actual flow rate of ventilation air 
depends on the window or door open area fraction, on the temperature difference between the 
zone and the outside/neighboring environment and on the wind speed and direction. In BPS 
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tools, this is modeled using a number of coefficients. The coefficients could be default values or 
input manually by the user after a detailed analysis of the ventilation situation. The local 
outdoor temperature and wind speed are a function of the height of the zone. Furthermore, 
neighboring buildings or phenomena such as urban heat islands may have a strong impact on 
wind speed, direction and outdoor temperature (Ramponi, Gaetani, and Angelotti 2014). OB 
models concerning window and door opening focus on predicting the state (open or closed).  

2.1.2.3 Light use 

Lights are used in buildings to guarantee an adequate level of visual comfort to occupants. The 
use of lights has a direct impact on the amount of electricity used in the building. The electrical 
input to lighting ultimately appears as heat, which contributes to zone loads or to return air 
heat gains. A number of assumptions must be made regarding the lighting system 
characterization. The lighting level is defined as a maximum value (or lighting power density 
(LPD)), which is then multiplied by the appropriate schedule to calculate the final value. The 
OB models dedicated to manual light use typically attempt to define appropriate schedules, 
which describe whether lights are on, off, or dimmed. As with blinds, people tend to turn on the 
lights because of discomfort (e.g. inadequate illuminance levels), but often fail to turn them off 
when comfort conditions would allow it (e.g. adequate illuminance provided by daylight). 

2.1.2.4 HVAC system control 

HVAC systems may be needed to reach thermal comfort and ensure acceptable indoor air quality 
in buildings. HVAC systems are modeled within BPS software with sets of equations that define 
the performance, controls and operation strategies of chillers, boilers, thermal storage systems, 
distribution components, etc. The parameters of these equations can often be manually input 
by the simulation user, with different degrees of freedom according to the software. All system 
specifications, the modeling of the outdoor and indoor environment, and the system operation 
setting define the amount of energy required by the HVAC system and the level of comfort 
provided. Typically, OB models concerned with the control of HVAC systems focus on the 
setting of temperature setpoints and on system operation schedules. 

 Modeling non-adaptive behaviors  

In this study, those actions that are connected to performing an activity and that influence the 
energy use of buildings are referred to as non-adaptive occupant behaviors. Contrary to adaptive 
behaviors, they do not occur to restore comfort, but rather to enable an activity. Examples of 
non-adaptive occupant behaviors include use of equipment and domestic hot water (DHW). As 
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opposed to adaptive behaviors, modeling non-adaptive behaviors does not depend on 
environmental variables. Instead, the determinants of non-adaptive behaviors are the presence 
of occupants and their (time-based) needs to perform various activities.  

2.1.3.1 Equipment and domestic hot water (DHW) use 

The use of electrical and gas equipment and DHW enable occupants to perform a number of 
activities. Typically, in office environments people use a large number of electrical appliances to 
accomplish their day-to-day tasks. In households, a share of the cooking-related activities may 
be performed with equipment that consumes gas. DHW is required to satisfy basic comfort 
requirements for occupants in buildings, such as body care. Equipment and DHW use affect the 
energy performance of a building because of gas and/or electricity consumption, as well as the 
emission of longwave radiation and water vapor that impact the heat balance. OB models for 
equipment and DHW use typically concern the schedule of actual use. Two main approaches 
exist for simulating electrical appliances: bottom-up models, which explicitly model each 
appliance resulting in a total load by aggregation; and top-down models, which consider all 
appliances as a black box energy sink based on actual data to predict future use. 

 Concluding remarks 

This section introduced the distinction in terms of modelling between occupant presence, 
adaptive and non-adaptive behaviors (Fig. 2.2). 
 

 

Fig. 2.2: The categories of OB: occupant presence, adaptive behaviors (light use, shading device or blind 
operation, window and door operation, HVAC system control) and non-adaptive behaviors (equipment use 

and DHW use) 
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A meaningful representation of building energy and comfort performance depends on a high 
number of parameters. Such parameters concern the quality of input to the model, such as 
weather file or description of thermo-physical properties, and a number of sub-domains. This 
thesis focuses on OB modeling, which concerns the behavioral aspects of the building/occupant 
interaction, e.g. on the blind operation. However, to correctly capture the influence of OB on 
building performance, it is necessary that the simulation user trusts all input and sub-domains 
models. 
The focus of the present research is on the occupant presence, adaptive behavior and non-
adaptive behavior models. In the following section, the existing formalisms for occupant presence 
and behavior modeling are presented. Where otherwise not made explicit, the notation OB 
models includes both occupant presence and behavior models. 

2.2 Overview of widely used occupant behavior modeling 
approaches 

All models are wrong, but some are useful. 
 George E. P. Box 

 
The existing OB modeling formalisms can be categorized according to their complexity (Polinder 
et al. 2013). In this study complexity is defined, following Zeigler, Kim, and Praehofer (2000), 
as the amount of detail in a model, which in turn depends on its size and resolution. Size refers 
to the number of components in a coupled model, while resolution refers to the number of 
variables in the model and their precision or granularity (Fig. 2.3).  

 
Fig. 2.3: The definition of complexity according to (Zeigler, Kim, and Praehofer 2000) 

...
size = number of components

size x resolution = detail = complexity

resolution = number of states per
component
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The following sections consider the different modeling formalisms with increasing complexity, 
from schedules to agent-based modeling.  

 Schedules, deterministic and non-probabilistic models 

Occupants and their behaviors are typically modeled in BPS software in an over-simplified way 
by means of fixed profiles or schedules. Schedules are time-based fractions from 0 to 1 that act 
as multipliers of maximum quantities to define actual internal gains due to occupant presence, 
light use, equipment use, etc. For example, occupants are assumed to be present at their 
workspace every weekday between 8 am and 6 pm, with an hour lunch break at 12 pm. Schedules 
are defined independently of the predicted conditions during the simulation. Hence, they 
represent a simplified scenario where the building operation is very predictable according to day 
types. Schedules can either derive from standards or from observation-based statistically 
aggregated data. They can include deterministic rules, where actions are perceived as direct 
consequences of one or more drivers. This formalism is often used to model adaptive behaviors 
such as the use of shading devices and windows or doors, for which a schedule that depends 
solely on time would appear unreasonable (e.g., all windows are always, instantaneously opened 
when the indoor temperature reaches 26 °C). Such models are commonly referred to as 
deterministic models, and they average out the diversity of individuals, spaces/locations or time. 
Therefore, they represent environments where the modeled behavior is averaged and foreseeable. 
While the size of the model is not directly affected, deterministic models add granularity by 
specifying various behavioral triggers, hence increasing the model resolution and the complexity. 
Data-based models are determined by the training profile, which would typically embed 
information about environmental triggers. However, despite their deterministic nature (known 
inputs generate known outputs), literature refers to them as non-probabilistic models (Mahdavi 
and Tahmasebi 2015) to distinguish them from deterministic models. The main drawback of 
non-probabilistic models is their dependency on the used dataset. 

 Probabilistic models 

In 1979, D. R. G. Hunt published a study named “The use of artificial lighting in relation to 
daylight levels and occupant presence” in the journal Building and Environment (Hunt 1979), 
in which he argued that the relationship between occupants undertaking an action and a 
predictor variable or variables was of a probabilistic nature, rather than a deterministic one. He 
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tentatively suggested that “the results outlined could form a basis for developing a method to 
predict the energy consumed by manually operated lighting systems”. In fact, this research 
turned out to represent the birth of stochastic OB modeling. Stochastic or probabilistic models 
aim to capture the variability of human behavior. To do so, these models view actions as 
occurring based on a probability function as a consequence of one or more predictor variables 
(see Fig. 2.4). An inherent feature of stochastic models is that they require a high number of 
runs to achieve reliable results (Macdonald, Clarke, and Strachan 1999), and cannot capture 
(e.g. time-) consistency. The size of this stochastic modelling is invariant as the models still only 
consider the interactions between the occupants and the building. The resolution increases due 
to the multiple runs. An overview of the main mathematical formulations for probabilistic 
models is given in Appendix A: Mathematical formulations for probabilistic models.  
 

 

Fig. 2.4: Comparison of different models obtained after fitting hypothetical binary data (adapted from 
(Haldi 2010)). Schedules would typically use time as a predictor variable. The solid lines represent 

diversity in probabilistic models. 

Implementation of probabilistic models in BPS tools 
The outcome of probabilistic models is typically a probability distribution. However, BPS tools 
are deterministic and require a fixed value of each variable in the model in order to run. 
Moreover, some OB aspects call for a binary representation (think of lights being switched ON 
or OFF), as opposed to a continuous variation depending on the predictor value.  
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Researchers have investigated a number of methods to incorporate probabilistic models in 
building simulation. A widespread solution is to simulate the building and HVAC model to 
compute the required predictor variable or variables (e.g., the workplane illuminance). Then, 
the OB probabilistic model estimates the probability of the occurrence of an event, such as 
turning the lights ON. In the meantime, a pseudo-random number [0,1] is generated and 
compared with the probability estimated by the model. If the estimated probability exceeds the 
random number, the action is undertaken. The building and HVAC model are then updated 
with the occupant behavior and time advances to the next time step (see Fig. 2.5). As important 
as the probability of an action to be undertaken (e.g., switching the lights ON) is the reversal 
of such action (e.g., switching the lights OFF). In the domain of OB modeling the reversal of an 
action is modeled in two ways: either by defining a hysteresis or deadband in which the action 
does not change, or by defining a specific function for the reversal of the action (this method is 
employed in Markov chains). However, some models fail to define the reversal of the action 
altogether.  
 
 

 
Fig. 2.5: Discrete-time simulation algorithm of a behavioral occupant model (Gunay, O’Brien, and 

Beausoleil-Morrison 2013) 
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Another issue to consider when applying OB models is whether one is interested in a single mean 
behavior (standard occupant) or in a set of occupants. In the latter case, the variance of the 
coefficients of the OB model function must be considered, either by taking high/low values, or 
by sampling a set of occupants e.g. by means of Monte Carlo distribution.  

 Agent-based modeling (ABM) 

Schedules, deterministic models, non-probabilistic models and probabilistic models represent the 
conventional simulation framework. A more complex simulation framework is defined by agent-
based models (ABMs), which switch from group-level to individual-level behavior predictions. 
Agent-based models predict the influence of occupants by modeling individuals, their mutual 
interactions and the interactions with the building. In Fig. 2.4 it would be necessary to add 
multiple x-axes to correctly visualize ABMs. The huge amount of information typically required 
by these models (e.g., role of agents, relationship between agents, etc.) may not always be 
available. Despite this drawback, agent-based modelling has lately commanded the biggest share 
of publications in this niche (Parys, Souyri, and Woloszyn 2014). Agent-based models markedly 
increase the size of the model as each individual is separately modeled; the resolution is still 
based on stochastic modeling and the resulting complexity is very high. Nonetheless, agent-based 
behavioral models can be characterized by different levels of complexity, depending on the 
complexity of the sub-models that they include.  

 Concluding remarks 

Section 2.2 provided an overview of the different available formalisms to model OB. The 
available modeling formalisms are characterized by different levels of complexity, depending on 
their size and resolution. Table 2.1 is a graphical representation of how modeling size, resolution 
and complexity are affected by changing the modeling strategy.  
The overall model complexity for comprehensive OB always derives from the complexity level 
of each sub-model. Table 2.1 offers a simplified impression, but in reality, there are many more 
nuances. For example, the size of probabilistic models depends on the number of predictor 
variables. Moreover, models may have different resolution according to the time-discretization 
used to define them. 
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Table 2.1: Overview of the most common occupant behavior modeling approaches according to size, 
resolution and complexity 

Simulation 
framework 

Type of model Size Resolution Complexity 

Conventional 

Schedules    
Deterministic    

Non-probabilistic    

Probabilistic/stochastic    

Agent-based Agent-based stochastic    

 
Various reviews of existing OB models are available (Gunay, O’Brien, and Beausoleil-Morrison 
2013; Parys, Saelens, and Hens 2011; Gaetani, Hoes, and Hensen 2016a). The first question to 
answer when performing a review is how to categorize the models. The most common 
categorizations are: according to complexity (Polinder et al. 2013), according to object of 
investigation (occupant presence or type of behavior) (Feng, Yan, and Hong 2015), and 
according to research approach (Gunay, O’Brien, and Beausoleil-Morrison 2013). Some authors 
have focused on one level of complexity or one object of investigation only, e.g. Parys, Souyri, 
and Woloszyn (2014) on agent-based modeling and Feng, Yan, and Hong (2015) on occupant 
presence models. In the current research, existing models for occupant presence, adaptive 
behaviors, non-adaptive behaviors, and OB as a whole are treated separately. Within each 
category, models were classified according to complexity, as the study deals with selecting the 
most appropriate level of model complexity.  

2.3 Literature review of widely used occupant behavior models 

In this section, a number of widely used models from literature are reviewed. It is important to 
note that the current modeling practice is to assume predefined input values, e.g. derived from 
(ASHRAE 2013). While such an approach is the most widespread (O’Brien et al. 2016), the 
focus of this section is on research into models that go beyond standard schedules, namely data-
driven, non-probabilistic models (referred to as complexity level 0), probabilistic models 
(complexity 1), and agent-based models (complexity 2).  
A total of 80 different OB models were reviewed. As well as the level of complexity (0 – 2), and 
the references for each model, six other criteria are specified, namely: OB aspect; keywords; 
building type; location; pros; cons. The aspect of OB, building type and location were identified 
as the main variables to take into account when considering the case-specificity of each presented 
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model. Keywords provide information about the modeling approach, the existing implementation 
in BPS software, the validation status and the name of the model (where applicable). Lastly, 
pros and cons aim to highlight possible improvements to previous models, limitations to 
overcome, and general features and capabilities.  
This list does not claim to be exhaustive since new models are constantly being developed. 
Nevertheless, it gives a good impression of the complexity of the OB modeling research field, of 
some recurrent issues and of the vast number of aspects that ought to be considered.  
While the complete review can be accessed at Appendix B: List of existing OB models from 
literature, some key points are: 

i) Many models are available and new models are continuously being proposed 
(see Fig. 2.6);  
 

 
Fig. 2.6: Review of existing OB models: date of publication 

ii) Models are rarely developed as a simulation framework (only 12 of the 80 
reviewed models, or 15%): the implementation in BPS mostly takes place on a 
project-based level, without guidelines for future use or measures for public 
availability;  
 

iii) Models are generally developed for a specific aspect of OB (with presence and 
window operation models being the biggest share of publications), but recently 
there has been an increase of models which address the whole spectrum of OB (see 
Fig. 2.7);  
 

iv) Households and offices are the most investigated building types (see Fig. 2.7), 
and a large share of the investigated offices are individual offices;  
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v) Models are developed for specific locations, predominantly in the northern 
hemisphere, which might undermine their generalizability to other locations;  
 

vi) Different models are characterized by different specific advantages; in 
contrast, a number of recurrent limitations are reported, e.g. complexity, case-
specificity, lack of validation and calibration, heavy dependency on (outdated) 
time use surveys.  

 

Fig. 2.7: Review of existing OB models according to OB aspect: occupant presence, light use, shading 
device use, window operation, thermostat, loads, domestic hot water (DHW) and whole spectrum of OB 

The findings of this overview are in line with the barriers identified by IEA-EBC Annex 66 
(Definition and Simulation of Occupant Behavior in Buildings) (Yan et al. 2017). Some notable 
efforts exist to overcome the lack of integration of OB models in BPS software. For example, 
Gunay, O’Brien, and Beausoleil-Morrison (2016) provide EMS scripts to integrate a number of 
OB models in EnergyPlus. The topic of integration of OB models into BPS software has been 
extensively explored by Hong, Chen, and Belafi (2018), who propose obXML as a co-simulation 
platform for OB models. Their ready-to-use functional mockup unit (FMU), the obFMU, should 
solve the issue of limited OB-related functionalities in BPS tools.  
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Lindner, Park, and Mitterhofer (2017) attempted to implement 24 OB models in BPS and 
compared a number of methods, including co-simulation, to actuate this implementation. The 
authors pointed out a number of major problems, mostly connected with the models themselves: 
i) the contrast between the BPS tools’ deterministic nature and the OB models’ probabilistic 
nature; ii) the lack of reproducibility of BPS results, often based on a comparison between the 
probability of an action and a random number to actuate the behavior; and iii) improper 
behavior without a reversal function or hysteresis. For example, the models of Nicol (2001) and 
Li et al. (2015) predicted the very high number of 68 and 64 interactions with windows, 
respectively, between 6 am and 6 pm during a working day in March. However, this prediction 
resulted from the comparison with the random number rather than from the environmental 
conditions. Another issue concerns the required variables for implementation: for example, 
models such as (Page 2007; Newsham 1995; Reinhart 2004) are based on variables that cannot 
be computed without great effort (such as the workplane illuminance or CO2 concentration).  

It has to be noted that the vast number of developed models reveals the vibrant nature of the 
research field, which seeks to continuously push the methodological boundaries of OB modeling 
practice. Typically, only a few of the research models will eventually achieve practical 
applications. The predictions of models characterized by different complexity levels have seldom 
been compared, and the differences among such predictions currently represent a significant 
knowledge gap. The few existing examples of inter-comparisons among models of different 
complexities are the focus of the following section. 

2.4 Inter-comparisons of models with different complexity levels 

Section 2.3 demonstrated that the existing models are difficult to compare, both because of their 
case-specific nature and because of the lack of standardized methods to report and compare 
results (Hong et al. 2015). Nevertheless, some comparisons among different models are available. 
For example, existing stochastic models have been researched (Haldi and Robinson 2009; 
Schweiker et al. 2012) to test for specific behaviors in offices and dwellings in order to define the 
most fitting probabilistic approach. In the current research, only comparisons of models with 
different complexities are taken into account, which to the best knowledge of the author 
represent a very small share of publications.  
Table 2.2 gives an overview of the considered comparisons. In most cases, such studies investigate 
differences between data-based, newly developed models and standard profiles. Each comparison 
study is described in detail hereafter. 
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Table 2.2: Considered comparison studies 

   
Models considered for comparison 

 = best performing model(s)      = other considered model(s) 

Reference 
Type of 
behavior 

Aim of simulation; 
performance 

indicator; building 
type 

Schedules 
Non-

probabilistic 
Probabilistic 

Agent-
based 

(Mahdavi and 
Tahmasebi 2015) 

Occupant 
presence 

Systems control; daily 
occupant presence 

profile; (single, semi-
closed, open-plan) 

office 

    

(Tahmasebi, Mostofi, 
and Mahdavi 2015) 

Occupant 
presence, light 

use and 
equipment use 

Annual and peak 
energy demand for 
heating and cooling; 

office 

    

(Tahmasebi and 
Mahdavi 2015) 

Occupant 
presence 

Annual and peak 
energy demand for 
heating and cooling; 

office 

 
 

(energy PIs) 


(presence 

distribution 
and peak 
values) 

 

(Duarte, Van Den 
Wymelenberg, and 

Rieger 2013) 

Occupant 
presence 

Daily occupant 
presence profile; 

(single, open-plan) 
office 

    

(D’Oca et al. 2014) 

Window 
opening and 
thermostat 
adjustment 

Design; energy 
demand for heating; 

household 
    

(Langevin, Wen, and 
Gurian 2014) 

User behavior 
Energy demand and 

thermal acceptability; 
office 

    

(Chapman, Siebers, 
and Robinson 2014) 

User behavior 
Design; energy 

demand; office and 
household 

    

(Azar and Menassa 
2010) 

Blinds 
regulation, 
lighting/ 

equipment, 
DHW 

Electric/gas demand; 
university 

    

(Yamaguchi, Tanaka, 
and Shimoda 2012) 

User behavior 

Behavior duration, 
start/end time, 

number of transitions, 
probability 

distribution, number 
of different patterns 

  

 
(behavior 
duration, 

transitions) 

 
(variety 

of 
behavior 
patterns) 

(Mahdavi, Tahmasebi, 
and Kayalar 2016) 

Plug loads 

Annual plug load, 
peak plug load, and 
load fluctuations; 

office 

 
(peak loads) 


(annual 
electrical 

energy use) 

 
(peak loads)  

 Description of comparison studies: which model performs best? 

Mahdavi and Tahmasebi (2015) evaluated the probabilistic occupant presence models 
developed by Reinhart for Lightswitch-2002 (Reinhart 2004), and by Page et al. (2008) by 
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comparing them with a newly developed non-probabilistic model. The object of the investigation 
was eight workspaces (single-occupant presence, semi-closed individual, open-plan area) in an 
office area of the Vienna University of Technology. Notably, the authors used separate sets of 
data to train and evaluate the models. Data were collected over nine months (November 2011-
July 2012) with a 1.6-minute time-step to generate 15-minute interval data. The predicted and 
actual occupant presence profiles were compared by means of a 100-run Monte Carlo simulation 
using 4 statistics (first arrival, last departure, duration and transitions errors) for 90 working 
days between April 2012 and July 2012. The overall goal of the study was to support building 
systems controls. The results show that Reinhart’s and Page et al.’s models performed quite 
similarly, but Reinhart’s model offered slightly better prediction of first arrival and intermediate 
transitions. Overall, the predictive capability of all models was found to be low and none of 
them performed below the threshold error value considered acceptable by the authors. The non-
probabilistic model was found to perform best. The authors suggest that the random diversity 
in occupant presence patterns reproduced by probabilistic models may be crucial for other aims 
of simulation (e.g. design and sizing of building systems). However, they argue that they are not 
suitable to provide short-term occupant presence predictions based on past data such as is 
needed in building systems control. Their final conclusion is that non-probabilistic models that 
better fit historical data deliver a better predictive performance. 

Tahmasebi, Mostofi, and Mahdavi (2015) applied occupant presence, lighting and plug load 
schedules from ASHRAE 90.1-2013 and Page et al.’s stochastic model (Page et al. 2008) to a 
small-sized reference office model from the U.S. Department of Energy (U.S. Department of 
Energy (DOE)). The aim of the study was to quantify the impact of stochasticity on annual and 
peak energy predictions for heating and cooling. The ASHRAE schedules were used as input for 
the stochastic model. The authors concluded that for the considered case the predictive ability 
of a simplified occupant presence modeling approach is analogous to a more complex stochastic 
approach. In a follow-up study, Tahmasebi and Mahdavi (Tahmasebi and Mahdavi 2015) 
analyzed the implications of using deterministic and stochastic presence models when predicting 
annual and peak energy demand for heating and cooling of a real office building in Vienna, 
Austria. The authors distinguished between the nature of the models (deterministic vs. 
stochastic), and also between the assumptions that were made while developing the model 
(generic assumptions vs. assumptions that rely on actual occupant presence information). The 
results show that observation-based stochastic models have a better predictive ability of the 
internal heat gains if compared with fixed profiles. However, when specifically considering 
building-level energy performance indicators, it is the assumptions rather than the nature of the 
model that play a decisive role. Typically, standard-based assumptions overestimate the actual 
occupant presence, resulting in higher cooling loads and lower heating loads. 
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Duarte, Van Den Wymelenberg, and Rieger (2013) evaluated new non-probabilistic occupant 
presence diversity factors for private and open plan commercial office buildings against ASHRAE 
90.1 2004 profiles and Page et al.’s model (Page et al. 2008). The schedules are based on data 
collected in 223 private offices over about two years (November 2009-October 2011) in a multi-
tenant eleven-story office building in Boise, Idaho. Although the overall trend throughout the 
day is similar, ASHRAE 90.1 2004 overestimated the occupant presence level (peaks of 95% as 
opposed to about 50% predicted by the newly developed schedules for private offices). In 
addition, when comparing a typical high occupant presence week and a typical low occupant 
presence week with Page et al.’s model (Page et al. 2008), the two models show similar 
characteristics, but the new data-based schedules do not register the great variation during the 
day found by the stochastic model. The authors hypothesize that this could be due to the 
restricted data set used to calibrate Page et al.’s model. Overall, the authors prove that the 
model resulting from measured data shows up to a 46% reduction in average day profile peaks 
for private offices and about a 12% reduction for open plan office spaces when compared to the 
ASHRAE values. Interestingly, they point out that energy modelers could conduct two sets of 
simulations – one with low and another with high occupant presence profiles – in order to 
produce a range of expected energy consumption during the lifetime of the building, as opposed 
to a single value. This method would allow energy modelers not to unnecessarily complicate the 
model inputs. 

D’Oca et al. (2014) developed probabilistic user profiles for window opening and thermostat 
setpoint adjustment. The yearly heating consumption obtained by implementing their profiles 
in IDA ICE is compared with the one from deterministic schedules of European standard EN 
15251:2007. The new probabilistic model consists of logistic regression formulas and it is based 
on field measurements collected from January to August 2008 of 15 naturally ventilated 
dwellings near Copenhagen. The used time-step is 10 minutes. The authors study 4 scenarios, 
namely: a deterministic scenario both for window opening and Tsp that should function as a 
reference; a scenario where window opening is treated in a probabilistic way while Tsp follows 
deterministic schedules; a probabilistic model for both behaviors; a probabilistic model which 
includes active, medium and passive users; a final model with 3 different thermostat adjustments. 
The three considered climates are: Athens, Stockholm and Frankfurt. When compared to the 
reference case, the last model showed the greatest discrepancy. Overall, it was pointed out how 
the deterministic approach generally underestimates the heating consumption, by the greatest 
magnitude in Athens (+61%). The authors are confident that their findings can be applied 
during the whole-building lifecycle, namely: design phase, operation phase, building retrofit, 
building management and building codes and policy.  
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Langevin, Wen, and Gurian (2014) present the Human and Building Interaction Toolkit 
(HABIT), a co-simulation tool for comfort and behavior predictions based on a field-validated, 
agent-based scheme. The tool is developed in MATLAB and implemented in EnergyPlus by 
means of the Building Control Virtual Test Bed (BCVTB) middleware. The object of the 
investigation is a three-story air-conditioned office building in Philadelphia, which was 
monitored for 1 year. The considered variables are: Tsp, heating, Tsp, cooling, heater and fan equipment 
energy per person, clothing adjustment, fans/heaters, and window and thermostat adjustment. 
The various behaviors were grouped into three scenarios, namely: “Base”, “Typical” and 
“Setpoint Float” scenarios. The overall finding is that by considering a realistic behavior, 
expected energy use during winter in cold climates increases by up to 15%. On the other hand, 
the authors point out that increasing the thermostat setpoints could counteract this rise and 
would significantly decrease the energy consumption in summer (up to 32%). 

Chapman, Siebers, and Robinson (2014) propose a multi-agent simulation (MAS) approach to 
combine stochastic models into a single tool. This model-of-models integrates Page et al.’s 
presence model (Page et al. 2008), Fanger’s PMV model for metabolic gains calculation [77], 
Jaboob and Robinson’s unpublished activities model, Haldi and Robinson’s windows and shading 
devices model (Haldi and Robinson 2010; Haldi and Robinson 2009) and the Lightswitch2002 
lighting algorithm (Reinhart 2004). The model is applied to a hypothetical house and a shoe box 
office; the results are compared with those obtained by means of default Design Builder schedules 
for each type. The results for the residential building show a decrease from 68.7 kWh/m2 heating 
demand to 59.0 kWh/m2 (-16%) using the MAS model. The discrepancy increases to -45% when 
considering the non-residential building (91.0 kWh/m2 and 62.4 kWh/m2 for schedules and MAS 
model, respectively). The window model represents the greatest contribution to the difference 
between results. 

Azar and Menassa (2010) take a slightly different approach when comparing the traditional 
eQuest building energy estimating model with an agent-based model. The authors consider three 
categories of occupants (high, medium and low energy consumers) according to blind position, 
lighting/equipment schedules and hot water consumption. The reference building is a 1000 sq. 
ft. graduate student room accommodating 10 students for over 60 months and is located in 
Madison, Wisconsin, US. The base case consists of all 10 students belonging to the category 
“medium energy consumers”. The authors use an agent-based model to simulate the effect of 
“word of mouth”, presumably leading towards lower energy consumption. As a first step, the 
authors determined the share of electric and gas consumption directly influenced by occupants 
(79% and 13%, respectively). As far as it concerns electric use, the values of consumption 
predicted with the proposed method are – in the best-case-scenario – 21.6% lower than the 
eQuest average. 
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Yamaguchi, Tanaka, and Shimoda (2012) developed two occupant behavior models based on 
the Monte Carlo approach (just as Richardson, Thomson, and Infield (2008) and Widén and 
Wäckelgård (2010) models) and on Tanimoto, Hagishima, and Sagara (2008a) approach, and 
applied them to a household in Osaka, Japan. The modified version of Tanimoto’s model is 
named Roulette Selection. The time-use data were collected over 9 days only. The results were 
evaluated in terms of: duration time for behaviors per day, time at which the routine behaviors 
start and end, number of behavior transitions per day, probability distribution showing 
percentage of behaviors at each time step, and number of different patterns of occupant behavior 
transition in 500 simulations. The authors conclude that the Markov Chain model well replicates 
behavior duration and transitions. However, the Roulette Selection better approximates the 
variety of behavior patterns, even with limited time use data, but it performs worse in terms of 
predictive capability of behavior transitions and duration.  

Mahdavi, Tahmasebi, and Kayalar (2016) compare the ability of a simplified deterministic 
linear regression model and a simple stochastic Weibull model in predicting the plug load fraction 
(actual plug load value divided by effective installed equipment power at an occupant’s work 
station) of an office building in Vienna, Austria. The authors used both high-resolution 
monitored data and Page et al.’s model to represent occupant presence. They found that 
although there is considerable diversity among occupants regarding the relationship between 
plug load fraction and presence probability, R2 values of a linear regression model for each 
occupant are high (always => 0.87). They suggest that office electrical energy use can thus be 
inferred from basic assumptions of occupant presence patterns and EPD. The proposed 
deterministic model performs well in predicting the annual electrical energy use for office 
equipment. However, because the model was developed using average reference-day presence and 
plug load profiles, it performs quite poorly with regard to peak plug loads and distribution of 
run period predictions. ASHRAE 90.1 schedules grant a better prediction of high peak values, 
while they largely overestimate annual values (with a relative error of 106.7%). The performance 
of the probabilistic model was assessed as mean values of a 100-run Monte Carlo simulation and 
in 3 different scenarios in terms of input occupant presence data. The probabilistic model is 
found to perform poorly in annual electrical energy use predictions, while it offers a good estimate 
(outperforming ASHRAE 90.1) of peak loads.  

 Other studies dealing with model complexity in occupant behavior  

Other studies consider the issue of model complexity. However, their goal is not to compare the 
predictive performance of two or more models, hence they have not been included in Table 2.7. 
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Among them, Hong and Lin (2012) investigate the effect of occupant behavior on a private office 
with three levels of complexity: direct use of EnergyPlus, use of the advanced Energy 
Management System in EnergyPlus, and use of modified code of EnergyPlus. The different 
complexities are used to model different aspects of occupant behavior. Liao, Lin, and Barooah 
(2012) acknowledge the need for different resolutions for different aims. For this reason, they 
propose the Multiple Modules (MuMo) model, a stochastic agent-based model for occupant 
presence simulations over time, and a low-complexity occupant presence model for real-time 
estimations. The MuMo model is shown to have a similar predictive capability to Page’s model. 

 Concluding remarks 

The comparisons presented in Section 2.4.1 are performed for different aims of simulation, 
performance indicators and building types (see Table 2.2). The fact that the publications are 
discordant on which models have a better predictive ability confirms that the capability of a 
model to predict reality strongly depends on both the considered case study and the performance 
indicators used. However, this observation is often implicit in the publications mentioned above, 
which tend to conclude – with some exceptions (e.g., Mahdavi and Tahmasebi 2015) – that a 
certain model simply has a better predictive ability (e.g., D’Oca et al. 2014). Moreover, some 
studies state that the models deemed to have a worse predictive performance overestimate the 
energy consumption, while other studies arrive at the opposite conclusion. Nonetheless, some 
conclusion can be drawn: 
 

i) Standard profiles are largely considered not to be suitable for describing complex 
occupant behaviors;  

ii) More complex models do not always perform best (e.g. in (Mahdavi and 
Tahmasebi 2015) a simple non-probabilistic model showed better convergence than 
a probabilistic one when compared to measured data); and  

iii) Models derived from measured data always perform best when describing the 
investigated case study.  

 
However, such conclusions are of little help when facing a practical choice of which model 
complexity to use. 
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2.5 Validity and application range of occupant behavior models 

Sections 2.2 - 2.4 discussed the mathematical formalisms used in literature to model occupants 
and their behavior, the available OB models, and the studies aiming at comparing the predictive 
ability of models characterized by different levels of complexity. It was pointed out how existing 
models are often difficult to implement in a simulation framework, due to a number of reasons 
such as lack of clear documentation or difficulty in obtaining the required variables in BPS 
software. Moreover, often models are proposed for a single aspect of OB, and are derived from 
limited datasets, frequently in the northern hemisphere, and pertain to single-occupant office 
buildings. These points are closely related to another issue to consider when implementing 
existing OB models in a BEP model: their quality assurance, or the models’ validity and 
application range. It has been argued (Mahdavi and Tahmasebi 2016) that existing OB models 
have rarely undergone a rigorous evaluation process. Among the identified issues pertaining to 
this field of inquiry are: i) the insufficient empirical backing due to the rather limited amount 
of large-scale observational studies; ii) the complexity of conducting controlled field studies that 
cover physical, physiological, psychological and sociological parameters; iii) the absence of an 
agreed-upon framework for model documentation and evaluation procedures; iv) the 
methodological issue of developing and testing a model with the same dataset; v) the fault of 
extrapolating results from a single study to all populations, building types, locations and 
climates.  
An important aspect that had to be taken into account during the design of this doctoral 
research, and which is still true at the present time, is that models can only be safely employed 
in those cases for which they were developed, which obviously constitutes a notable limitation. 

2.6 Concluding remarks 

In conclusion, the search for fit-for-purpose OB modeling is a multi-faceted problem. The various 
available mathematical formalisms (Section 2.2), the huge amount of models presented in the 
literature (Section 2.3) and the substantial disagreement about their predictive ability (Section 
2.4) render it difficult for the simulation user to pick a model over another a priori. This existing 
difficulty is the knowledge gap that is addressed in this thesis.  
However, it is important to note that, even if the simulation user were successful in identifying 
the fit-for-purpose model complexity, the resulting simulation outcome would still be subject to 
the reliability of the many interconnected models and sub-domains (Section 2.1) and to the 
trustfulness of the OB models themselves (Section 2.5).  



 
 

 
  

36 

This study attempts to offer a solution to the issue of model selection. In particular, the fit-for-
purpose OB modeling (FFP-OBm) strategy presented in the following chapters aims at guiding 
the simulation user in the choice of a suitable model complexity for his/her case. Of course, the 
trustworthiness of the obtained results will depend on the validity of the overall simulation 
model, as well as of the selected OB model.    
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3 The fit-for-purpose approach: methods, concepts 
and development process 

To pass freely through open doors, it is necessary to respect the fact that they have solid 
frames. 

 
Robert Musil, The Man Without Qualities 

 

 

 

 

 

 

 

 
This chapter focuses on the methods applied to develop, test and deploy the fit-for-purpose OB modeling 
(FFP-OBm) strategy. First, in Section 3.1, an overview of the methodology is given. Section 3.2 provides 
some theoretical concepts that apply to model selection in the context of OB. In addition, the requirements 
of a FFP-OBm strategy are outlined. Section 3.3 presents a high-level overview of the strategy and of the 
computational tools that enables it in this research. Moreover, it illustrates the scoping of the strategy and 
the role of case studies’ application in the strategy development. Section 3.4 provides key conclusions.  
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3.1 Overview of the methodology 

The work described in this thesis concerns the research activities connected to the development, 
testing and deployment of a strategy to support BPS users in selecting the appropriate 
complexity of occupant behavior modeling. In this study, the term appropriate is used a synonym 
of fit-for-purpose. A fit-for-purpose model, as explained in Section 3.2.4, leads to the minimum 
overall error in the performance prediction, considering both the error due to model abstraction 
and the uncertainty in input parameters. 
Fig. 3.1 illustrates the methodology used to develop and test the fit-for-purpose occupant 
behavior modeling (FFP-OBm) strategy. The methodology consists of four different steps:  

― Review of the theoretical concepts 
The state-of-the-art of model selection is reviewed and contextualized in the framework 
of OB modeling (Section 3.2). This process leads to the formulation of requirements 
for the proposed strategy; 

― Develop the fit-for-purpose occupant behavior modeling (FFP-OBm) strategy 
This iterative process is the core of the thesis (Chapter 4 to Chapter 6). The application 
and evaluation steps of the methodology contribute to the development of the strategy;  

― Apply the FFP-OBm strategy to case studies 
Case studies are used throughout this thesis to: i) develop the strategy (multiple 
variations of virtual buildings, see Section 4.4, Section 5.4 and Section 6.3); ii) test 
the developed strategy (mostly real-life buildings and applications, see Chapter 7); 

― Evaluate the FFP-OBm strategy with a user group and incorporate feedback 
This step was essential to allow for an objective assessment of the usability and 
suitability of the developed strategy in practice. A number of practitioners helped 
ensure that the FFP-OBm strategy had potential for integration in simulation tools. 
The advice received from practitioners during the development and application of the 
strategy is embedded in the strategy as presented in this thesis. 

 
The iterative development process is presented in further detail in Section 3.3. The 
methodological steps iteratively follow the life cycle of a simulation study as identified by Balci 
(1994).  
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Problem 
Statement

Review of the theoretical 
concepts

Develop the fit-for-purpose 
occupant behavior modeling 

(FFP-OBm) strategy

Apply the FFP-OBm 
strategy to case studies

Evaluate the FFP-OBm 
strategy with a user group 
and incorporate feedback

Thesis Outcome

Improve the 
FFP-OBm strategy

Review the fundamentals of the model 
selection state-of-the-art and contextualize 
them in the framework of OB modeling. 
Formulate the strategy requirements

Develop a strategy for selecting the fit-for-
purpose OB model complexity for the case 
at hand

Test the developed strategy on a range of 
case studies with varying purpose of 
simulation

Present the FFP-OBm strategy to a group 
of potential users; evaluate the suitability 
and usability of the approach in practice 
and incorporate their feedback

 

Fig. 3.1: High-level methodology to develop the FFP-OBm strategy 

3.2 Theoretical concepts  

 
Dicebat Bernardus Carnotensis nos esse quasi nanos gigantium humeris incidentes.  
Bernard of Chartres said that we are like dwarfs sitting on the shoulders of giants. 

John of Salisbury 
 
The quest for appropriate modeling selection in the field of occupant behavior calls for a range 
of considerations spanning various fields of research. Nonetheless, the quest must begin with 
commonsense questions. In this thesis, the maxim that everything should be made as simple as 
possible, but not simpler is often followed. The theoretical concepts that are reviewed in this 
section are structured around five different questions: 
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- What can the occupants do? (Section 3.2.1) 

- Which simulation output do I need? (Section 3.2.2) 

- Does occupant behavior matter? (Section 3.2.3) 

- Which model should I choose? (Section 3.2.4) 

- What should a fit-for-purpose occupant behavior modeling (FFP-OBm) strategy look 
like? (Section 3.2.5) 

 
The questions enable to determine when the FFP-OBm strategy is needed. For example, there 
may be simulation cases where the model complexity of a given OB aspect does not have an 
impact on the results. Alternatively, there may be cases where the model complexity is evident 
from the start of the simulation. In these cases, it is not necessary to enter the FFP-OBm 
strategy. A problem formulation should be as explicit as possible, starting with acknowledging 
whether the right questions are being asked (Kellner, Madachy, and Ra 1999). 

 What can the occupants do?  

Participation will create chaos. 
Christopher Alexander, The Oregon Experiment, 1975 

 
Occupants interact with buildings in various ways (Chapter 2). However, not all interactions 
are always available, depending mainly on design choices and building type. For example, 
nobody would expect to have the possibility to open windows in a movie theater. In contrast, 
doing so in an office environment has proven to increase workers’ satisfaction and productivity, 
while reducing sick building syndrome (SBS) symptoms (Burge 2004). Leaman and Bordass 
(1999) show that, indeed, the closer occupants are to operable windows, the more satisfied they 
are. Table 3.1 illustrates some typical building/occupant interactions available according to 
building type. 
The control granted to occupants over their built environment is a subject that often involves 
parties with conflicting objectives. Typically, a building operator may be interested in limiting 
the freedom of occupants so that the environment can be better controlled. Conversely, 
occupants are keen to override controls of their environmental conditions whenever they 
experience discomfort. 
Despite this desire, the level of automation in buildings is certainly rising, with apparent benefits 
to energy consumption (Aghemo, Blaso, and Pellegrino 2014). As such, numerous studies have 
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demonstrated the desire of occupants to maintain overrides of automated systems and have 
shown the benefits of participation on comfort (Galasiu and Veitch 2006; Galasiu et al. 2007). 
It is expected that occupants will be still granted a large amount of building/occupant 
interactions in the future. 
For the scope of this thesis, the FFP-OBm strategy should first assess whether a 
building/occupant interaction is available. If a given building/occupant interaction – 
corresponding to an OB aspect – is not available, it is pointless to seek how to model it. While 
this consideration may seem trivial, it is often forgotten in practice.  

Table 3.1: Examples of building/occupant interactions available for building type 

Building type (Presence) Adaptive Non-adaptive 
Commercial buildings Shops* (*)   

 Banks*    

 Bar/Pub/Restaurant*   

 Hotel*   

 Offices   

Residential buildings   

Educational buildings*   

Civic and recreational 
buildings* 

    

 
*       In these building types the visitors are considered (excl. staff) 
(*)      One tick corresponds to behavior mostly available, three ticks correspond to behavior essential to the 
building type 

 Which simulation output do I need? 

The initial step of the BPS user who approaches the FFP-OBm strategy should be the 
acknowledgement of the purpose of the simulation. Chapter 2 illustrated how different models 
(characterized by different input) lead to different types of output. In deterministic models a 
unique input leads to a unique output (Fig. 3.2). Deterministic scenarios or patterns are derived 
from input variations of deterministic models. In this sense, they add diversity to using a single 
schedule/deterministic model. When two or more simulation outputs from diversity patterns are 
combined, they generate a range of results (Fig. 3.2), as opposed to a single value. The range 
derives from the input variation and does not include any information about the probability of 
occurrence. Alternatively, in stochastic models unique input leads to different output for each 
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model run due to the random component of the modeled process. Multiple runs are used to 
estimate probability distributions (Fig. 3.2).  
When defining the aim of the simulation, it is a fundamental requirement that the BPS user 
clarifies the desired type of output. For example, if the simulation objective is to size a building 
HVAC system for the worst-case scenario, a range derived from diversity patterns (Fig. 3.2; 
Output from diversity patterns (a)) may be sufficient. In contrast, it would be difficult to assess 
that the yearly energy consumption of a given building will fall below a target value with a 95% 
confidence without recurring to stochastic models (Fig. 3.2; Output from stochastic models (b)). 
Again, if the aim of the simulation is to verify that the indoor illuminance falls within an 
accepted range, a scenario analysis may be sufficient (Fig. 3.2; Output from diversity patterns 
(c)). Therefore, the FFP-OBm strategy should include considerations regarding the desired 
simulation output. Some purposes of simulation must necessarily be solved with one particular 
modeling formalism. 
 

 

Fig. 3.2: BPS tools yield different outputs depending on the inputs 

 Does occupant behavior matter? 

The model complexity of different OB aspects is not always critical for the simulation results. 
For example, Ahn and Park (2016) propose a categorization of building types according to the 
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predictability of occupant presence and whether the HVAC system is individually or centrally 
controlled (Fig. 3.3). The authors conclude that the correlation between occupants and energy 
consumption is weak if the occupant presence pattern follows the random walk and the occupants 
are able to control the HVAC directly (left-upper corner in Fig. 3.3). 
Unfortunately, reality is much more complex. The authors interestingly draw attention to the 
fact that the relevance of OB for a simulation study's results depends on the degree of 
(un)predictaility, or uncertainty, of the various OB aspects. Moreover, the potential impact that 
different OB aspects may have on the simulation results is crucial. In this context, it is hard to 
generalize a priori whether or not OB is relevant for a given case.  
 
 

 

Fig. 3.3: Different types of buildings for occupant behavior study (the arrows indicate that the location can 
vary) Adapted from (Ahn and Park 2016) 

The conclusion that was drawn from these above observations is that it is a necessity to frame 
the relevance of OB by considering an uncertainty-impact matrix (see Fig. 3.4). In those cases 
where the potential impact of an OB aspect on the simulation results is low, such aspect shall 
be modeled using the lowest possible complexity. If the potential impact is identified as high but 
the degree of uncertainty is low, the available knowledge should be used to model this particular 
OB aspect. The cases that should be investigated by means of the FFP-OBm strategy are those 
characterized by a high degree of uncertainty and a high potential impact on the simulation 
results (quadrant highlighted in Fig. 3.4).   
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Fig. 3.4: Uncertainty-impact matrix applied to OB model selection 

However, matters are complicated further. Firstly, various OB aspects may be interrelated, and 
this interrelation should be considered while modeling (let us think of occupant presence, which 
acts as a trigger for most behaviors). Secondly, while the degree of uncertainty related to an OB 
aspect can be assessed epistemologically, this may not be the case for the level of impact. The 
axis that separates high impact from low impact often cannot be drawn a priori. As an example, 
consider the case of blind operation. It may appear that this aspect of OB is highly uncertain in 
a given building. However, the building recently underwent renovations, especially with concerns 
to the performance of its windows, rendering the use of blinds less important as a means of 
containing solar gains during the cooling season. Now, the simulation user is interested in 
assessing the cooling energy use of the mentioned building. How is it possible to categorize the 
potential impact of blind operation on the energy performance as high or low? Answering such 
a question implies careful consideration of various factors, including the window-to-wall ratio 
according to orientation, the blinds’ characteristics, and the incoming solar radiation.  
At the same time, it would be pointless to investigate the appropriate model complexity of an 
irrelevant OB aspect. Therefore, the FFP-OBm strategy must include a method to assess 
whether an OB aspect is relevant or not for the results. Moreover, it should allow the user to 
input further information about OB aspects whose epistemic uncertainty (the uncertainty 
derived by lack of knowledge) can be reduced. 
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 Which model should I choose? 

Sections 3.2.2 to 3.2.3 presented the multiple factors that ought to be considered when deciding 
if the model complexity of an OB aspect should be investigated or not. In many cases, the lowest 
model complexity or available knowledge can safely be applied. However, there are some cases 
in which: i) the building/occupant interaction corresponding to an OB aspect is present; ii) the 
PI of interest does not inform model selection; and iii) the OB aspect is uncertain and has a 
potentially high impact on the results. In these cases, the appropriate model complexity should 
be chosen.   
The problem of selecting the appropriate model complexity does not specifically concern building 
energy simulation, but rather simulation in general, which has led some researchers to state that 
“the choice of the best model is more of an art than a science” (Brooks and Tobias 1996). Again, 
one of the pillars of modeling is the acknowledgement of the objectives of the model (S. Robinson 
2011): poorly understood modeling objectives can result in excessively complex models. This 
may cause errors in the simulation results, as well as unnecessary expenditure of time and money. 
In regard to building energy simulation, a similar problem existed in well-researched sub-domains 
such as modeling of airflow (Djunaedy, Hensen, and Loomans 2003), lighting (Ochoa, Aries, and 
Hensen 2012), or systems (Trčka and Hensen 2010). However, for these sub-domains, it is now 
widely acknowledged that different complexity levels should be used for different aims of 
simulation. In the area of OB modeling, possibly due to its relatively recent development, a 
similar common understanding has not yet been reached.  
Some principles that support model selection are presented below. 

Parsimony 
Numquam ponenda est pluralitas sine necessitate.  
Plurality must never be posited without necessity. 

William of Ockham  
 
The first three simple principles of modeling proposed by Pidd in his “Rough Guide to Modeling” 
(Pidd 1999) concern model complexity: i) model simple; think complicated; ii) be parsimonious; 
start small and add; iii) divide and conquer; avoid megamodels. Generally, many studies (e.g. 
(Astrup, Coates, and Hall 2008; Pitt and Myung 2002)) advocate the use of parsimonious models, 
i.e., the simplest among competing models. Simpler models are preferable as they are easier to 
implement, validate, analyze, and adjust when the conditions change. Moreover, they lead to 
faster simulation studies. In practice, and in opposition to the principle of parsimony, a general 
increase in model complexity is observed. According to (Chwif, Barretto, and Paul 2000) this 
trend can be explained as a consequence of technical and non-technical factors. Among the non-
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technical factors, the authors name: the “show-off” factor: the more complex, the more 
impressive; an “include-all syndrome” that leads modelers to include all available information; 
and the progress of computing power that enables time-efficient, complex simulation. The 
technical factors are: lack of understanding of the real system; inability to correctly model the 
problem (conceptual model), or the tendency to just model “as close to reality as possible”; the 
inability to translate or correctly code the conceptual model into a computer model; unclear 
simulation objectives. This last factor has been identified as the chief contributor to the growth 
of complex models (e.g., (Salt 1993)). 

Trade-off between approximation error and input uncertainty 
This second principle connects with the principle of parsimony. According to (Zeigler, Kim, and 
Praehofer 2000), a more complex model can represent reality more accurately, although the 
author of this study agrees with Salt (1993), who states that “it is quite possible to create a 
model that is at the same time finely detailed and wildly inaccurate”. This is because simple 
models introduce approximation errors (i.e., give a supposedly worse approximation of reality), 
while complex models introduce uncertainty due to the estimation of (the larger number of) 
input parameters. The goal of the simulation user should be to minimize the overall potential 
error by finding a compromise solution (Fig. 3.5).  
The optimal predictive ability of a model is nevertheless very case specific. Underfitting and 
overfitting occur when the model selection moves from the optimum towards too simple or too 
complex models, respectively. It has to be noted that the resulting potential error from 
underfitting and overfitting may be comparable, depending on how far from the optimum a 
model is; however, in the case of overfitting additional time and cost efforts have to be taken 
into account.  

 

Fig. 3.5: Model uncertainty vs. complexity. Adapted from (Alonso 1968) 
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This principle can be applied to the field of OB model selection in a twofold manner, i.e. by 
considering: 

― the uncertainties related to the BPS model itself, such as other scenario 
uncertainties (e.g., the weather) and design parameter uncertainties (both decided 
parameter uncertainties, also called physical uncertainties, and undecided parameter 
uncertainties connected to the design aspects that are yet to be settled/decided) 
(Rezaee et al. 2015). These uncertainties should be compared with the OB-related 
uncertainties. If the model uncertainties are larger than the OB-related uncertainties, 
there is no value in increasing the OB model complexity. 

― the number of uncertain parameters present in the OB model, which typically 
increases as the model becomes more complex (see Table 3.2). The degree of 
uncertainty of these parameters clearly correlates with the phase of the building 
lifecycle, i.e. the more advanced the phase, the more data that is supposedly available. 
Moreover, the time/effort put into gathering the data is of course relevant. 
Nevertheless, this second aspect is slightly more complex in the field of OB modeling; 
more complex OB models do not necessarily result in a decreased approximation error, 
even if input parameters are free from uncertainty (see for example (Tahmasebi and 
Mahdavi 2015)). 

Table 3.2: Typical required input according to model complexity for widespread adaptive behavior 
modelling approaches; the uncertainty of the required input depends on available data 

Type of model Required Input 
Schedules t 

Deterministic models threshold indoor/outdoor variables 

Bernoulli models presence (y/n); outdoor variables; p 
Poisson models presence (y/n); outdoor and/or indoor variables; (time-varying) 

parameter λ; p 
Markov discrete-time presence (y/n); outdoor and/or indoor variables; meaningful time step; 

p 
Markov discrete-event presence (y/n); outdoor and/or indoor variables; meaningful time step; 

triggering event; p 
Agent-based stochastic N of people; location (prob); occupants’ ID; seniority (rank among 

agents); awake-status; outdoor and/or indoor variables; comfort-
related variables; meaningful time step; triggering event; temperature 

threshold (prob); p 

 



 
 

 
  

48 

Goodness-of-fit 
Ultimately, the selected model should be able to explain the observed data well, it should 
generalize to more data, and – as mentioned – it should be as simple as possible. In the field of 
OB modeling, the commonly used selection techniques to guarantee goodness-of-fit are: p-value, 
maximum likelihood estimation, Akaike’s information criterion (AIC), Bayesian information 
criterion (BIC), and k-fold cross-validation (Yan and Hong 2018).  
While goodness-of-fit is not the focus of this thesis, all models that are connected to the strategy 
should have undergone rigorous validation and evaluation using these techniques. 

 What should a FFP-OBm strategy look like? 

In summary, a FFP-OBm strategy should start by clearly acknowledging the purpose of the 
simulation (WHY) and its requirements, which typically depend on the user of the simulation 
strategy (WHO) or the stakeholder he/she represents. An analysis of the case study at hand 
(WHAT) will allow assessment of which building/occupant interactions corresponding to OB 
aspects are available, and their degree of uncertainty. Their uncertainty is strongly correlated 
with the phase in the building lifecycle (WHEN), which also determines the uncertainties 
connected to the building model. Fig. 3.6 provides a summary of the influential factors and the 
range of choices to be included in the FFP-OBm strategy.    
Moreover, the strategy should allow assessment of whether an OB aspect is influential or not 
for the results, and lead to a reduction in the epistemic uncertainty of influential OB aspects by 
collecting further data.  
The iterative development process followed to achieve the actual FFP-OBm strategy is presented 
next. 

3.3 Iterative development process 

The FFP-OBm strategy was developed iteratively, following the principle that each simulation 
problem should start with the identification of the purpose and end with the FFP model for 
each OB aspect. As mentioned in Section 3.1, the iterative development process consists of three 
macro-steps: develop, apply, and evaluate. In this section each step is explored in further detail. 
The development step is addressed in terms of scope of the strategy (Section 3.3.1), overview 
of the strategy (Section 3.3.2), and software implementation (Section 3.3.3). The application 
to case studies is presented in Section 3.3.4, while the evaluation is discussed in Section 3.3.5. 
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Fig. 3.6: Fit-for-purpose framework: policy maker vs. system engineer 

 Scope 

The FFP-OBm strategy is envisioned to be a supporting tool for decisions concerning the model 
complexity of any possible aspect of OB, in any building, for any purpose of building energy and 
comfort performance simulation. However, it is neither possible nor necessary, nor desirable to 
test such a broad spectrum of applications within the framework of a doctorate thesis. Secondly, 
issues connected with the state-of-the-art of OB modeling pose further limitations. Finally, to 
manage the scope of the research, a BPS tool was selected over other available ones, which de 
facto excluded the testing of the strategy in other relevant BPS tools. This section concerns the 
scope of the strategy as developed in this thesis. The categories presented in Fig. 3.6 help 
structuring the scope definition.  
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― Object: Office buildings; various building vintages; various climates. 
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interaction (see Table 3.1). The available building/occupant interactions have an 
instrumental role in the potential influence of OB on building performance. While it 
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would be interesting to consider a variety of building types, the work presented here 
focuses on applications in office buildings. This choice derives from the greater 
availability of higher complexity OB models for office building applications compared 
to other building types (see Chapter 2). Nonetheless, it is acknowledged that the 
influence of OB on e.g. residential buildings may be even higher than on office buildings. 
In this respect, a significant amount of work has been carried out on residential 
buildings in the framework of MSc final project theses supervised by the author at 
Eindhoven University of Technology (Van Eck 2016; Song 2016; Muroni 2017). 

WHY 

― Aim of simulation: Product development; Design choice among alternatives; 
Performance assessment; Energy performance contracting; 
The author understands that a number of design questions may not be covered by the 
strategy in its current developmental stage. For example, assessing the potential for 
energy flexibility of a building, which typically requires shorter than monthly or weekly 
time-steps and a high degree of diversity, may require a slightly different approach. 
However, such questions would be addressed before entering the FFP-OBm strategy, 
i.e. in the “Which output do I need?” phase. 

― Performance indicator: Energy: Heating energy; Cooling energy; Heating peak load; 
Cooling peak load; Total energy; Comfort: Weighted overheating hours (WHO); 
Daylight autonomy; Glare performance; 

― Time-scale: Yearly; Monthly or Weekly. 

WHEN 

― Phase in lifecycle: Conceptual design; Developed design; Commissioning; Retrofitting. 
Different building design stages are typically characterized by different simulation 
purposes and objectives (Fig. 3.7). Moreover, in some phases of the building lifecycle, 
dynamic simulation may not be the preferred tool to solve a given question (CIBSE 
2015). Besides the phases in the building lifecycle indicated above, the FFP-OBm 
strategy was also applied to the R&D process of innovative solar shading elements 
(Section 7.1). 
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Fig. 3.7: Typical energy performance-related questions at different design stages, grouped per different 

purposes (adapted from (Morbitzer 2003)) 
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BUILDING MODEL 
The simulation experiments carried out within this research were mostly enabled by the BPS 
tool EnergyPlus (Crawley et al. 2001). The reason to favor EnergyPlus over other BPS tools is 
that most of the available OB models were coded in EnergyPlus at the commencement of this 
research project (e.g., Gunay, O’Brien, and Beausoleil-Morrison 2016). However, mostly thanks 
to the efforts carried out within IEA EBC Annex 66, a number of other software today allows 
for the implementation of most available OB models through obFMU (Cowie et al. 2017; Hong, 
Chen, and Belafi 2018). 
Only dynamic simulation was considered as a building model. A detailed airflow model was 
employed for those cases with operable windows during commissioning (e.g., Section 7.2). 

OB MODEL 
Different modeling formalisms of increasing complexity were identified in Chapter 2. In the 
framework of this thesis, however, not all modeling complexities were implemented in the 
simulation tool. In particular, agent-based modeling (ABM) was not implemented. This choice 
originates from: i) the scarce documentation and validation of available ABMs for OB; ii) the 
reasoning being that doing so would not be crucial for the outcome of the strategy. The 
assumption that more complex models yield a better approximation of reality is to date not 
verified in the field of OB.  

OCCUPANT SCENARIO 
The diversity among individuals was considered in this thesis according to model complexity. In 
fact, two sets of occupants were employed when formulating the diversity patterns (Chapter 5), 
which are high/low variations of simple schedules or IF-THEN models to mimic diversity. 
Conversely, an average occupant was employed with stochastic models. This choice was 
motivated by the scarce documentation regarding occupant diversity within stochastic models. 
Nevertheless, it is important to consider different occupant profiles in stochastic models as a 
next complexity step in OB modeling. Individual occupants typically pertain to the sphere of 
data-driven, non-probabilistic models or agent-based models. In Section 7.2, where data-driven 
models are used, individual occupants are implemented in the software. 

 Overview 

Section 3.2.3 clarified how one of the crucial tasks of the FFP-OBm strategy is to distinguish 
between influential and non-influential OB aspects. Following the principle of parsimony, this 
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thesis iteratively outlines three increasingly complex sensitivity analysis tests to achieve this 
objective. The strategy can hence be reduced to four steps (Fig. 3.8):  

- Impact Indices Method (Chapter 4) 
This is the first step of the strategy. It allows estimation of the potential impact of 
various OB aspects in one simulation run, and the possibility to filter out the non-
relevant ones. In terms of performance indicators, the method is only currently 
implemented for heating and cooling energy but could be extended to other 
performance indicators. If it is not possible to take a decision based on the results of 
the Impact Indices Method, the BPS user is advised to proceed to the next sensitivity 
analysis level.  

- Diversity Patterns Method (Chapter 5) 
The second step of the strategy requires the formulation of high/low scenarios, or 
diversity patterns, for all uncertain OB aspects, thereby increasing the required number 
of simulations. The Diversity Patterns Method hence requires more effort than the 
Impact Indices Method, both in terms of computational demand and from the BPS 
user (e.g., the formulation of scenarios). Running two or more simulations yields a 
range of results, as opposed to a single value. In some cases, the given range would be 
enough to make a decision. If the range does not allow a decision to be made, the BPS 
user is advised to proceed to the next sensitivity analysis level.  

- Mann-Whitney U test (Chapter 5) 
The third step of the strategy consists of applying a statistical test to the range of 
results obtained with the Diversity Patterns Method. The Mann-Whitney U test is a 
statistical test of the null hypothesis that allows distinguishing among influential and 
non-influential OB aspects.  

- Dealing with influential OB aspects (Chapter 6) 
The fourth step of the strategy deals with the OB aspects identified as influential in 
the previously applied sensitivity tests. First, the BPS user is advised to evaluate 
whether the epistemic uncertainty connected to the influential OB aspect(s) can be 
reduced. Then, if it is not possible to reduce the uncertainty, the strategy investigates 
whether a higher model complexity can be applied. Fig. 3.8 shows a schematic 
representation of the FFP-OBm strategy. A more detailed flowchart illustrating all the 
steps is presented in Section 6.2. 
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Simulation 
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Fig. 3.8: Schematic representation of the FFP-OBm strategy and related thesis chapters 

It is worth noting that if a decision cannot be made even with the most refined, available 
modeling formalism, then the simulation does not serve its intended purpose. If the purpose of 
the simulation was to ensure that a building design would meet a target performance value, for 
example, the most refined modeling formalism may still lead to a performance outside of the 
target. In this case, the design must be revised. Conversely, if the purpose of the simulation was 
to choose among design alternatives, it may be that the most refined modeling formalism does 
not identify a clearly better alternative. Hence, it must be accepted that the alternatives perform 
in a similar way. In this sense, even the FFP model is not instrumental in achieving a unique 
solution. 
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 Implementation 

The FFP-OBm strategy can be implemented in a variety of BPS tools. Within this research, the 
tools used are the EnergyPlus and Matlab software, as illustrated in Fig. 3.9.  

- Impact Indices Method 

The EnergyPlus software was used for the building model, and one simulation was run 
using standard OB default schedules/deterministic models already present in 
EnergyPlus. The sole tool that is needed for the implementation of the Impact Indices 
Method is a post-processing tool, such as Matlab or Excel. The decision-making block 
supposes the BPS user’s intervention. In those cases where decision-making is not 
possible, the BPS user is directed towards the following step of the strategy. 

- Diversity Patterns Method  
In this research, this step is carried out using Matlab to override the original .idf file 
input in EnergyPlus and write new .idf files with all possible pattern combinations. 
Again, a post-processing tool is required to assess whether a decision can be made based 
on the range of results. 

- Mann-Whitney U test 
No further simulation is required for this step of the strategy, whose input is the 
simulation output of the previous step. The Mann-Whitney U test is implemented in 
Matlab. Given the outcome of the Mann-Whitney U test, it may or may not be possible 
to make a decision.  

- Refine modeling approach 
In this research, the refined OB modeling is implemented by using available data or 
with higher complexity models. The higher complexity models are implemented in 
EnergyPlus by means of the Energy Management System (EMS) using the EnergyPlus 
Runtime Language (ERL). For the higher model complexity models, a feedback loop 
may exist for each simulation time step between the simulation results (sensors) and 
the response of the modeled OB aspect (actuator). Moreover, rather than running each 
.idf file once, stochastic models must be run an appropriate number of times to reach 
meaningful results (see Appendix F: Method to determine the appropriate number of 
runs nRuns for stochastic models). 
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Fig. 3.9: Schematic representation of the inputs, computational tools, and outputs obtained when 
implementing the FFP-OBm strategy 

 Application 

As mentioned in Section 3.1, two types of case studies are used throughout this research with 
the scope of developing, testing and deploying the FFP-OBm strategy. During the development 
phase, a number of virtual buildings with different characteristics in terms of building envelope 
and use scenarios were modeled. Doing so allowed us to work on a pool of buildings rather than 
on a single building, and to preliminarily evaluate whether the strategy was leading to results 
that were in line with building physics principles. Moreover, each step of the strategy includes 
a reliability test, which consists of comparing the case study’s results according to the strategy 
to other available methods. 
Further, case studies have been used to seek confirmation for a number of hypotheses:  
 

- different buildings are affected differently by OB;  
- different performance indicators are affected differently by OB; 
- different aspects of OB affect the results differently;  
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- the fit-for-purpose model complexity is case-dependent; 
- the results derived from the Impact Indices Method (one simulation required) are in 

line with those derived from one-at-a-time (OAT) sensitivity analysis (multiple 
simulations required); 

- applying a higher complexity model to non-influential results does not lead to 
significant changes in the simulation output; 

- the FFP-OBm strategy can be used to support informed design decision-making; 
- the Impact Indices Method can be used to support Energy Performance Contracting; 
- the results of a FFP-OBm strategy increase the reliability of a BPS software results. 

 
Table 3.3 presents an overview of the case studies explored in this research. Case studies 1 – 3 
were used to develop the strategy, while case studies 4 – 9 are applications of the strategy. It is 
important to note that one of the strengths of this research lies in its range of case studies. More 
specifically, in the fact that the case studies that were explored to develop the strategy are 
different from those that were used to test its reliability and usability.  

Table 3.3: Case studies explored throughout this thesis 

ID 
Case Study impression 

Case Study 
description 

Investigated purpose; PIs 

1 

 

DOE Medium 
office building 

Testing of sensitivity of different PIs to 
different OB aspects; 

Energy performance assessment; Heating 
energy and heating peak load 

2 

 

5 x 5 x 3 m3 
South-facing 
cubicle office; 
16 building 

variants 

Testing of Mann-Whitney U test as a 
suitable statistical test; test implementation 
of higher model complexity to OB aspects 

with different influence; 
Energy performance assessment; Heating 
and cooling energy; weighted overheating 

hours (WOH) 

3 

 
 

Six-story office 
building; 16 

building 
variants 

Development and testing of Impact Indices 
Method; reliability check by comparison 
with OAT sensitivity analysis results; 

Energy performance assessment; Heating 
and cooling energy 

4 
 
 
 
 

ABT office 
building 

Testing of Impact Indices Method; 
reliability check by comparison with OAT 

sensitivity analysis results; 
Energy performance assessment; Heating 

and cooling energy 
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5 

 

Strukton office 
building 

Testing of Impact Indices Method; 
reliability check by comparison with OAT 

sensitivity analysis results; 
Energy performance assessment; Heating 

and cooling energy 
6 

 

City 
hall/Music 

theater 
building 

Testing of Impact Indices Method; 
reliability check by comparison with OAT 

sensitivity analysis results; 
Energy performance assessment; Heating 

and cooling energy 

7 5 x 5 x 3 m3 
South-facing 
cubicle office; 
16 building 

variants 

Testing of FFP-OBm strategy; comparison 
of OB uncertainties and BPS model 

uncertainties; 
Design choice among overhang and blinds; 

heating and cooling energy 

8 

 

Adaptive 
blinds 

Testing of FFP-OBm strategy; 
R&D support of adaptive façade elements; 

total energy; daylight autonomy; glare 
performance 

9 

TU Vienna 
office building 

Testing of FFP-OBm strategy; 
Heating energy; peak heating load; thermal 

comfort indicator 

 Evaluation 

A group of practitioners was contacted to act as a user group so that the actual usability and 
applicability of the strategy would be ensured. The names and affiliation of the practitioners are 
reported in Table 3.4. Meetings were organized each semester in various locations in The 
Netherlands, and the status of the strategy development and application, including the users’ 
group feedback, was presented by means of oral presentations. Each presentation was followed 
by a Q&A session. 
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Table 3.4: User group: contact persons and affiliations 

Contact person Affiliation 
Ed Rooijakkers Halmos B.V. Adviseurs 

Ronald Hennekeij HOMIJ Technische Installaties 

Paul Korthof HOMIJ Technische Installaties 
Steven Mast Smits van Burgst 
Wim Plokker VABI Software 

3.4 Concluding remarks 

Chapter 3 discussed the activities connected to the development, testing and deployment of the 
FFP-OBm strategy. Such activities have been categorized into four different steps, each named 
by an action, i.e. review, develop, apply, evaluate. The review of the FFP-OBm theoretical 
concepts has been addressed in Section 3.2, while the remaining steps have been described at a 
high-level in Section 3.3. Such steps are further detailed in the coming chapters. It is important 
to note that while the thesis follows the convention of delivering the research process and the 
results in a sequential manner, the actual research was developed through iterative 
improvements. These iterations have contributed to the refinement of the FFP-OBm strategy 
presented in this thesis. 
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4 The fit-for-purpose approach: Impact Indices 
screening Method 

Le simple est toujours faux. Ce qui ne l’est pas est inutilisable. 
What is simple is false, what is not is unusable. 

 
Paul Valéry, Oeuvres II 

 

 

 

 

 
 
 
This chapter discusses the first step of the fit-for-purpose approach: The Impact Indices (II) Method. First 
(Section 4.1), the underlying concept of the II Method is presented. The impact indices are presented in 
Section 4.2. Then (Section 4.3), the required steps for the method are discussed, namely the absolute values 
check, the computation of the impact indices, and the estimation of the variation magnitude and likelihood. 
The method is tested in Section 4.4 with a number of variants of a six-story office building. Section 4.5 
provides a reliability check to ensure that the impact indices led to meaningful results. The method is 
discussed in Section 4.6, while Section 4.7 provides some conclusions. It is important to note that the II 
Method has currently been developed only for two energy-related PIs: heating and cooling energy use. A 
similar approach could be investigated for further energy and comfort-related indicators. 
 
NB: The content of this chapter is largely inspired by an original research article published in the Journal 
Applied Energy under the title: Isabella Gaetani, Pieter-Jan Hoes, and Jan L. M. Hensen (2018). Estimating 
the influence of occupant behavior on building heating and cooling energy in one simulation run. 
https://doi.org/10.1016/j.apenergy.2018.03.108 (Gaetani, Hoes, and Hensen 2018) 
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4.1 Introduction 

The Impact Indices (II) Method has been developed with the aim of providing a first screening 
to identify when certain aspects of OB may be non-influential to the simulation results 
concerning building heating and cooling energy. As a first step, a literature review of the effects 
of different OB aspects on building energy performance was conducted (Section 4.1.1). Following 
the literature review, research gaps were identified (Section 4.1.2). The II Method is proposed 
as a possible solution to the need for a quick screening method that enables the discerning of 
non-influential and influential OB aspects (Section 4.1.3). 
The remainder of the chapter is structured as follows: Section 4.2 describes the impact indices 
for blind operation, equipment and light use, occupant presence (Section 4.2.1), and temperature 
setpoint setting (Section 4.2.2). The required steps to carry out the II Method are presented in 
Section 4.3. Section 4.4 presents the virtual experiment that was conducted to verify that the 
presented II Method could be successfully applied in a number of building variants. The 
reliability of the II results was tested by comparison with OAT sensitivity analysis and the 
results are presented in Section 4.5. The method is discussed in Section 4.6 and conclusions are 
provided in Section 4.7. 

 Literature review 

Different aspects of OB affect the building heat balance in a completely dissimilar way. For 
example, the use of equipment influences the amount of internal heat gains, while adjusting the 
blinds has an effect on the incoming solar gains. Moreover, the effect that the very same behavior 
may have on building heating and cooling demand is varied, as it depends on the behavior as 
well as on the building itself and on climate.  
A number of studies come to this conclusion by investigating the effect of various aspects of OB 
on the energy demand of different buildings.  

Hoyt et al. (2014) studied the effect on energy consumption of reducing the heating setpoint 
and increasing the cooling setpoint. The Medium Office DOE reference model (Deru et al. 2011) 
was used by the authors as a case study and was modeled in EnergyPlus, with two construction 
vintages (new construction and Post-1980 construction) and in 7 ASHRAE climate zones. 
According to their study, increasing the cooling setpoint from 22.2 °C to 25 °C results in an 
average of 29% cooling energy savings. Reducing the heating setpoint from 21.1 °C to 20 °C 
results in an average of 34% terminal heating energy savings. However, the results show a high 
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variability across different building models and climates.  

Ghahramani et al. (2016) also analyze the influence of temperature setpoint on the energy use 
of the DOE reference office buildings, considering three sizes, three construction categories and 
all United States climate zones. The authors discovered that for extreme temperatures (i.e., 
outside the range - 20 to 30 °C), choosing the highest cooling setpoint for outdoor temperature 
above 30 °C, and the lowest heating setpoint for outdoor temperature below - 20 °C, led to the 
lowest energy consumption, regardless of climate, size, or construction. Within the range of -20 
to 30 °C, the optimal setpoint depends on the building size. Within a range of observed outdoor 
temperatures (9 – 14 °C for small buildings and 8 – 11 °C for medium buildings) the setpoint 
selection is negligible. Great variability in potential savings was observed in respect to climate, 
building size and construction.  

Lin and Hong (2013) demonstrated that the effect on the energy use in a single-occupant office 
building of occupant presence-controlled light, equipment, and HVAC operation, as well as 
temperature setpoint and cooling startup control, varies with the climate.  

Sun and Hong (2016) implemented stochastic occupant presence-related measures to a two-
story office building modeled in EnergyPlus version 8.4, and verified the impact that the 
measures had on the energy savings for the climates of Chicago, Fairbanks, Miami and San 
Francisco. Two standards, ASHRAE 90.1 – 1989 and 90.1 – 2010, were evaluated. The effect of 
single measures was shown to be highly dependent on building vintage and climate, while the 
overall savings of all measures were similar across vintages.  

Azar and Menassa (2012) performed a sensitivity analysis to determine the effect of OB 
parameters on energy performance in typical office buildings of different sizes and in different 
weather zones. The authors found that the OB parameters generally had a significant impact 
on the energy performance. They concluded that the influence of various occupant presence 
behavioral parameters varies according to size and weather conditions.  

 Research gap 

Although most authors found significant sensitivity of the investigated office buildings to OB, 
it is worth noting that the characteristics of OB can differ according to building type (Ahn et 
al. 2017). For example, in the residential sector the impact of different behaviors on energy use 
may be even higher. In fact, influential factors such as age, function and socio-economic status, 
may play an important role in adding diversity to energy-related behaviors (Guerra Santin, 
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Itard, and Visscher 2009). 
All mentioned studies investigated the effect of OB by means of OAT sensitivity analysis or 
with global sensitivity analysis supported by statistical methods (e.g., (Ghahramani et al. 2016)) 
for sampling and ranking. The common conclusion to be drawn is that since the effect of various 
aspects of OB depends on climate, building size, building vintage, etc. general guidelines suitable 
for practitioners cannot be derived. The available methods to define the potential influence of 
OB on building performance are complex and time-consuming, as they require the formulation 
of a high number of scenarios. Moreover, most available methods do not provide information on 
the specific contribution of different aspects of OB. There are currently no effective methods to 
quantify and rank the impact of uncertainties arising from different OB aspects.  

 The Impact Indices (II) Method 

The first step of the fit-for-purpose OB modeling strategy concerned filling this research gap 
(Section 4.1.2), i.e. developing a quick screening method that allows the filtering out of those 
OB aspects that are non-influential for the building energy use. The underlying hypothesis is 
that the lowest model complexity is sufficient for those aspects that prove to be non-influential. 
The Impact Indices (II) Method seeks to provide an effective and efficient method to estimate 
the potential influence of various aspects of OB (i.e., blind operation, equipment and light use, 
occupant presence and temperature setpoint setting) on building cooling and heating energy 
demand. It is important to note that while only a number of OB aspects and PIs were 
investigated, a similar approach could be adapted to other OB aspects and PIs. 
The author builds upon and improves the common practice of simulation use by proposing a 
one-simulation-run approach. In fact, performing sensitivity or uncertainty analysis typically 
requires a high number of simulations (or scenarios), a practice which requires high time and 
cost expenditure. The method proposed here consists of a number of indicators (impact indices) 
that allow for the quantification of the influence of various aspects of OB without requiring the 
formulation of scenarios, but instead using the already available information provided by one 
simulation run. The indicators are developed in the form of ratios among the various contributors 
of the building energy balance, which were obtained by the simulation run. In cases in which 
one or more aspects of OB are found to be influential and are characterized by a high likelihood 
of variation, the simulation user is advised to proceed to the next step of the FFP-OBm strategy. 
Instead, the lowest model complexity is indicated for the OB aspects for which low risk is 
calculated (i.e., non-influential and/or characterized by very low likelihood/magnitude of 
variation).  
The method proposed here can also be used for other practical applications, such as energy 



 
 

 
 

65 

performance contracting (EPC). In this case, it helps to quickly establish the potential for low-
risk EPC and determine whether there is need to integrate OB-related clauses for some OB 
aspects within the contract (see Chapter 7.3). 

4.2 Impact indices 

 Impact indices for blind operation, equipment use, light use and occupant presence 

The impact indices for blind operation, equipment use, light use and occupant presence are all 
developed in a similar manner. The indices’ definition is based on the building heat balance and 
borrows from the concept of skin-load dominated buildings vs. internal-load dominated buildings 
(Fig. 4.1). Simply put, the heat balance of skin-load dominated buildings is more likely to be 
highly affected by e.g. blind use, which directly affects the solar gains and ultimately the role of 
the façade as an interface between indoor and outdoor environment, while a variation in internal 
loads is expected to only have a marginal effect. Instead, the amount and distribution of internal 
loads is especially critical in internal-load dominated buildings. The concept can be better 
understood by considering an analogy: shading devices are likely to be highly influential in e.g. 
a greenhouse, while the heat released by a person in the greenhouse is probably negligible because 
the indoor environment is primarily affected by the outdoor conditions. While this is intuitively 
evident at a qualitative level, the II Method attempts to offer a quantitative base for this 
intuition. The goal was to develop a tool for decision-making, for example regarding OB model 
complexity.  
 

 

Fig. 4.1: Skin-load dominated buildings are mostly affected by what happens at the interface with the 
outdoor environment, e.g. shading devices and window operation. Internal-load dominated buildings are 

supposedly mostly affected by OB aspects that influence the internal gains 

Skin-load dominated Internal-load dominated

in-between area
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4.2.1.1 Impact indices for heating 

 
Alongside heat gains from occupant presence, light use and equipment use, BPS tools also 
calculate thermal exchanges through windows, interzone air flow, infiltration and ventilation. 
They also calculate the effect of the walls, floors and ceilings/roof of the zone, and the impact 
of the delay between heat gains/losses and loads on the HVAC equipment serving the zone 
(EnergyPlus 2019). Hence, assuming that no cooling occurs during the heating mode, the heat 
balance can be written as 
  

, , , , , , , , ,

, , ,         (4.1) 
 
where  is the HVAC input sensible heating [J], 	 , , , , , , ,  [J] is the heat 
removal due to conduction and radiation through windows, interzone air transfer, infiltration, 
conduction of opaque surfaces and other, and                    

, , , , , , , , , , , , ,  is the heat addition due to people, lights, 
equipment, conduction and radiation through windows, interzone air transfer, infiltration, 
conduction of opaque surfaces and ‘other’ unclassified gains. The terms , 	 ,

, , ,  and , , , , , , ,  
can be written as ,  and	 , , respectively. Equation 4.1 can be simplified by 
dividing both terms for  as 
 

1 , ,         (4.2) 

 
In order to evaluate the potential effect of blind operation, equipment use, light use and occupant 
presence during the heating season, the following impact indices were developed 
 

,
, , , 1     (4.3) 

,
, , , 1      (4.4) 

,
, , , 1      (4.5) 

,
, , , 1      (4.6) 

 
In this case study, the impact indices are calculated over the whole season. As such, they describe 
the potential impact of different aspects of occupant behavior on the heating (or cooling, as 
presented in Section 4.2.1.2) demand of a building in a given climate. In principle, should one 
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be interested in the effect of occupant behavior over a shorter time scale, it is possible to calculate 
impact indices for any time step, as long as a balance such as described in Equation 4.2 exists. 
In Section 7.3, for example, the impact indices are calculated on a monthly basis. The impact 
indices aim to quantify the weight of a given source of heat gain within the heat balance. For 
example, in	 , , the heat gains due to equipment are subtracted from the total heat 
gains contributing to the heating load. If the equipment heat gains represented 0% of the total 
heat gains, the ratio would be 1 and the resulting impact index would be 0 (see Fig. 4.2a). Hence, 
the minimum value of the impact index is 0, which would occur if a type of behavior has no 
potential influence. The higher the specific impact index, the more likely blind operation, 
equipment use, light use or occupant presence are to have an impact on the building heating 
energy use. The high-end cap depends on the ratio between heat losses and heating demand. 
The term – 1 was added to allow comparison with the impact indices developed for cooling, 
which are presented next.  

 

Fig. 4.2: Visual representation of the II concept (heating). Balance (a), lower impact index (b), and higher 
impact index (c) 

4.2.1.2 Impact indices for cooling 

 
Similar to the heating mode, the heat balance in the cooling mode can be written as 
 

, ,        (4.7) 
 
where  is the HVAC input sensible cooling [J], from which, dividing both terms by , 
 

1 , , .        (4.8) 
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Hence, the impact indices for blind operation, equipment use, light use or occupant presence in 
the cooling season are defined as follows: 
 

, 1 , , ,       (4.9) 

, 1 , , ,       (4.10) 

, 1 , , ,       (4.11) 

, 1 , , ,      (4.12) 

 
where the term (1 – ) allows for a comparison with the impact indices developed for heating. 
Also in this case, the higher the impact index, the more likely it is that blind, equipment, light 
use or occupant presence will have an impact on the building cooling energy use. The minimum 
possible value of these impact indices is 0. Values higher than 1 indicate that the second term 
of the equation is negative, i.e. the total heat losses are greater than the total heat gains minus 
the heat gains from the considered source (see Fig. 4.3). 

 

Fig. 4.3: Visual representation of the II concept (cooling). Balance (a), low impact index (b), and higher 
impact index (c) 

 Impact indices for temperature setpoint setting 

An evaluation of the impact of setting the temperature setpoint calls for a different 
methodological approach. Here, the building energy signature is evaluated during the occupied 
hours when the system is active in the heating and cooling mode. The ∆T between outdoor and 
indoor temperature is reported on the x-axis, with the underlying assumption that if the cooling 
or heating energy of a building is highly correlated with the ∆T, then the building is sensitive 
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to the temperature setpoint, and vice versa. The R2 values and the slope of the equation 
approximating the data points are then analyzed and the results are used to create the impact 
index. A high R2 value means that there is a strong relationship between energy use and ∆T. 
Instead, the slope of the equation is an indication of the amount of energy needed to respond to 
a given change of outdoor temperature. Fig. 4.4 is an illustrative example of how the total 
cooling energy use of two buildings over the season can be differently correlated to the ∆T 
between outdoor and indoor temperature. In Fig. 4.4 (right) the temperature setpoint setting is 
expected to have a higher impact on the cooling energy use than in Fig. 4.4 (left). The data is 
relative to two of the buildings presented in Section 4.4. However, the purpose of Fig. 4.4 is 
purely illustrative. 

 

Fig. 4.4: A building whose cooling energy use is barely correlated to the ∆T between outdoor and indoor 
temperature (left), vs. a building which shows high correlation (right) 

It is worth mentioning that because of their intrinsic nature, impact indices for blind operation, 
equipment use, light use and occupant presence evaluate the relative effect (expressed in 
percentage variation) on heating and cooling energy use of the mentioned aspects of OB. Instead, 
the impact index for temperature setpoint evaluates the correlation between the absolute value 
of the energy use and ∆T. 

 Impact indices limitations 

It is important to note two simplifications related to the proposed formulas: i) the impact indices 
are based on the components of the building’s sensitive heat load. As such, at present, the results 
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should be restricted to buildings that do not have significant latent loads; ii) heat gains do not 
entirely contribute to reducing the heating demand or increasing the cooling demand; for 
example, for buildings characterized by particularly high gains/losses ratios and low time-
constant (i.e. for those cases where the utilized gains are suspected to be extremely low) it is 
advised to perform an OAT sensitivity analysis to determine if the impact index has 
overestimated the potential effect of OB.  
The second simplification is slightly more subtle and worth further discussion. The II Method is 
based on the values reported by the software in the building heat balance. However, the building 
heat balance necessarily makes a number of simplifications such as using the gross heat gains 
and deriving some terms from other columns to obtain a balance (this is the case, for example, 
with the “other” component in “Opaque Surface Conduction and Other” calculated by 
EnergyPlus (EnergyPlus 2019)). 
As a result, the II Method could lead to an overestimation of the potential impact of an OB 
aspect as it considers the gross heat gains rather than the net heat gains. In other words, the 
more net and gross heat gains differ, the more the II Method overestimates the OB potential 
impact. The fraction of gains that contributes to reducing heating and/or increasing cooling 
demand hence depends on the building and on the heat gains description itself (e.g., heat gains 
with a high radiant component are more likely to be lost through the envelope than heat gains 
with a high convective component). One fast technique to calculate the share of a given heat 
gain that is indeed used to reduce heating or to increase cooling demand is to compare the results 
to those obtained by setting the heat gain of interest to zero. While this technique is a 
simplification since a relationship exists among the various components of the heat balance, it 
is a straightforward way to establish where heat gains contribute to heating or cooling demand. 
Another technique is to derive the utilized gains fraction for each simulation time step, for 
example from the simplified formula , , ∙ , , where  is the building energy 
need for heating [J], ,  is the total heat transfer for the heating mode [J], ,  is the 
dimensionless gain utilization factor [-], and ,  are the total heat sources for the heating mode. 
The simulation user could then integrate the obtained values for , 	over the period of interest 
to find the utilized gains fraction. In the following sections this topic is taken into account and 
addressed. 

4.3 Methodological steps 

The steps required to carry out the II Method are illustrated in Fig. 4.5 and described hereafter. 
 

― Step 1: Relevance of investigated PI 
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Before evaluating the impact indices, the building energy end uses must be analyzed 
by means of a preliminary simulation run. This step is essential to understand whether 
heating and cooling energy represent a significant enough share of the overall uses to 
justify further investigation. In fact, it is possible that heating and/or cooling energy 
represent only a negligible share of the building’s total energy consumption; in which 
case – if the simulation purpose is an assessment of the impact of OB on the overall 
building energy performance – this investigation is not prioritized. It is important to 
note that the II Method currently only covers heating and cooling demand; however, 
as mentioned, it can be expanded in the future to cover other PIs. In this case, the 
first step should concern whether the investigated PI is relevant. 
 

― Step 2: Definition of heating/cooling mode 
If heating and/or cooling represent a significant share of the total energy consumption, 
the heating and/or cooling mode may be defined. A number of methods are available 
in literature to perform this operation (International Organization for Standardization 
2005). For the case at hand, using a seasonal definition according to climate alone 
would compromise the scope of the study because building and operation parameters 
play a significant role in defining heating and cooling seasons. Hence, it is proposed to 
also use the preliminary year-long simulation to obtain specific heating and cooling 
seasons for the investigated building. However, for some buildings, heating and cooling 
may be present during the same day, thus it could be difficult to clearly distinguish 
heating and cooling seasons. For such buildings, an alternative method to calculating 
heating and cooling season is to simply consider the total occupied hours when heating 
and cooling are present. Such hours are defined in this thesis as heating mode and 
cooling mode. 
 

― Step 3: Impact indices calculation  
Once heating and cooling modes are assessed and separately considered, the impact 
indices can be calculated (see Section 4.2).  
 

― Step 4: Verification of II results  
As mentioned in Section 4.2.1, because the impact indices for equipment, lighting, and 
blind use and occupant presence are based on the relative weight of the heat gains on 
the sensible heat balance, a few verifications are in place. The impact indices should 
be weighted for a utilized gain fraction (see Section 4.2.3) in those cases where the 
fraction of heat gains that does contribute to increasing the cooling demand or reducing 
the heating demand is suspected to be very low. Alternatively, the simulation user 
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could perform an OAT sensitivity analysis to verify the impact on the results of 
changing the input. However, doing so would increase the number of simulations.  
 

― Step 5a: Estimation of sensitivity to OB aspect 
The sensitivity of the results to the different OB aspects, or the potential impact of 
OB aspects on the results, can now be estimated. While the impact indices provide 
information concerning the potential influence of OB on the energy performance of a 
building, the actual impact is subject to a number of factors. The effect on the energy 
demand will depend on the description of the heat gain (e.g., the accurate description 
of convective vs. radiant heat ratio), on the building itself, and on the likelihood of a 
given aspect of OB to vary and the magnitude of this variation.  
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Fig. 4.5: Methodological steps of the Impact Indices Method for initial OB sensitivity screening 
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― Step 5b: Estimation of likelihood and magnitude of variation 
For this reason, the likelihood and magnitude of variation of an aspect of OB is 
estimated in this important step of the methodology. Estimating the likelihood and 
magnitude of variation of an OB aspect may be complicated at times, but it is required 
to draw sound conclusions on the estimated risk. For example, the cooling demand of 
a building may turn out to be highly influenced by the blind operation (i.e., the 

,  may be very high), but the building manager may know from experience/data 
that in the building under investigation the blinds are seldom operated. Hence, because 
the likelihood of variation of blind operation is extremely low, the resulting risk that 
the blind operation will affect the cooling demand of such a building is also low. 
However, because this risk would be high if occupants were to operate the blinds more 
actively, the building manager could consider investing in automatic blinds as an 
energy saving measure. It is worth noting that the estimation of likelihood and 
magnitude of variation essentially means quantifying the uncertainty related to an OB 
aspect. 
 

― Step 6: Estimation of risk  
The actual risk of a building’s heating/cooling demand of being highly influenced by a 
given OB aspect is estimated in this step. The risk estimation can be done qualitatively, 
or by using widespread semi-quantitative tools. Among such tools, the risk matrix (see 
Fig. 4.6) is handy as it allows consideration of both the sensitivity expressed in terms 
of impact indices and the likelihood and magnitude of variation in a single indicator, 
similarly to the uncertainty-impact matrix presented in Fig. 3.4. The risk estimation 
can lead to two outputs for each OB aspect: either an aspect is considered to be “risky” 
(i.e., influential and having high likelihood of variation), or an aspect is considered to 
be “non-risky” (i.e., low influence and/or low likelihood of variation). If low risk is 
detected, the simulation user is led to the end. In fact, for a non-risky OB aspect, the 
lowest model complexity is appropriate and no further consideration should be given.  
 

― Step 7: Take further action  
Instead, if high risk is detected, further action should be taken. Depending on the 
purpose of the simulation, different actions may be appropriate. As mentioned, the II 
Method could be used for EPC. In this case, “further action” could involve inserting 
OB-related clauses in the contract to reduce the risk of EPC failure or collecting 
operational data to provide a more accurate assessment of the risk. Alternatively, in 
other cases “further action” corresponds to advancing to the next step of the FFP-
OBm strategy. 
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Fig. 4.6: An example of risk matrix 

The developed II Method is demonstrated in the following section, as are the results of its 
reliability test. 

4.4 Virtual experiment to test the proposed method 

A virtual experiment was developed to evaluate the effectiveness and significance of the newly 
proposed impact indices. The test was performed on 16 building variants in two locations 
(described in Section 4.4.1). A OAT sensitivity analysis was performed (see Section 4.5) as a 
reliability check for the impact indices results. 

 Description of the case study 

A six-story office building with dimensions of 24 x 16 x 18 m3 was modeled in EnergyPlus version 
8.3 and used for the virtual experiment. Each floor of the building comprises 12 office rooms 
with dimensions of 3.4 x 6.1 x 2.7 m3 and two service rooms aligned on the northern and southern 
sides of a corridor (Fig. 4.7). Large windows of 2.4 x 1.2 m2 are situated on the external walls 
of the office rooms. 
The building is occupied according to ASHRAE Standard 90.1 schedules (ASHRAE 2013).  
 
 

 
Fig. 4.7: Building geometry (a) and plan of a typical floor layout (b) (in white the occupied zones) 
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Heating and cooling are provided by means of an ideal system, which keeps the indoor 
temperature within the setpoint limits (Tsp, heating = 21ºC and Tsp, cooling = 24ºC) between 7 am 
and 10 pm during weekdays, and between 7 am and 6 pm on Saturdays. During the remaining 
hours, temperature setbacks are set at 15.6 ºC and 26.7 ºC for heating and cooling season, 
respectively. In order to study the influence of occupant behavior on a larger set of buildings, 
16 building variants were modeled. The variants include two floor heights (III and VI floor), as 
well as two construction types, two climates and two extreme values of equipment power density 
(EPD) and light power density (LPD). Table 4.1 illustrates the characteristics of the investigated 
building variants. 

Table 4.1: Characteristics of the investigated building variations 

   Thermal insulation Power Density 

Building 
ID 

Climate Floor 
Wall R-
value 

[m2K/W] 

Window U-
value 

[W/m2K] 

g-value 
[-] 

Visible 
Transmittance 

[-] 

Lights 
[W/m2] 

Equipment 
[W/m2] 

AMS1 Amsterdam III 4 1.1 0.29 0.48 5.38 5.38 
AMS2 Amsterdam III 4 1.1 0.29 0.48 16.14 16.14 
AMS3 Amsterdam VI 4 1.1 0.29 0.48 5.38 5.38 
AMS4 Amsterdam VI 4 1.1 0.29 0.48 16.14 16.14 
AMS5 Amsterdam III 1.3 3 0.73 0.75 5.38 5.38 
AMS6 Amsterdam III 1.3 3 0.73 0.75 16.14 16.14 
AMS7 Amsterdam VI 1.3 3 0.73 0.75 5.38 5.38 
AMS8 Amsterdam VI 1.3 3 0.73 0.75 16.14 16.14 
ROM1 Rome III 4 1.1 0.29 0.48 5.38 5.38 
ROM2 Rome III 4 1.1 0.29 0.48 16.14 16.14 
ROM3 Rome VI 4 1.1 0.29 0.48 5.38 5.38 
ROM4 Rome VI 4 1.1 0.29 0.48 16.14 16.14 
ROM5 Rome III 1.3 3 0.73 0.75 5.38 5.38 
ROM6 Rome III 1.3 3 0.73 0.75 16.14 16.14 
ROM7 Rome VI 1.3 3 0.73 0.75 5.38 5.38 
ROM8 Rome VI 1.3 3 0.73 0.75 16.14 16.14 

         

 Virtual experiment results and observations 

4.4.2.1 Energy end uses analysis  

First, the energy end uses were analyzed for the 16 building variants (Step 1). Fig. 4.8 reports 
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the absolute value of total primary energy consumption for each variant, as well as the share of 
energy used for lights, equipment, cooling and heating. The primary energy consumption of the 
16 building variants is within the range of 199.1 GJ (AMS1) – 825.3 GJ (AMS8). It is important 
to note that heating and cooling supplied by the ideal system are considered as district heating 
and cooling within EnergyPlus. The primary energy is calculated from the site energy with the 
standard EnergyPlus conversion factors (i.e., 3.167, 1.056, and 3.613 for electricity, district 
cooling and district heating, respectively). 
Heating and cooling energy use were considered relevant if they represented > 5% of the total 
primary energy use. Hence, the impact of OB on heating energy was evaluated for all variants 
except AMS2, ROM1, ROM2, ROM4; the impact of OB on cooling energy was evaluated for all 
variants except AMS5, AMS7, and AMS8.  

 

Fig. 4.8: Total primary energy use [GJ] and energy end uses of the 16 building variants 

Light Energy Use [GJ] Cooling Energy Use [GJ] Heating Energy Use [GJ]Equipment Energy Use [GJ]
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4.4.2.2 Length of heating and cooling season  

The results for the length of heating and cooling season (Step 2) for the building variants 
described in Table 4.1 are reported below (Table 4.2). In this case, the investigated building 
variants are virtual buildings and the HVAC system controls could thus be optimized so that 
no cooling and heating occur during the same day. Therefore, it was possible to simply use a 
preliminary year-long simulation to obtain specific heating and cooling seasons. Outside of such 
seasons, the cooling and heating are set to zero, respectively. 

Table 4.2: Length of heating and cooling season for all investigated building variants 

Building ID Heating season Cooling season  

AMS1 1/01 – 30/04 | 9/10 – 31/12 1/05 – 8/10  
AMS2 - 1/01 – 31/12  
AMS3 1/01 – 31/05 | 1/10 – 31/12 1/06 – 30/09  
AMS4 1/01 – 31/03 | 21/10 – 31/12 1/04 – 20/10  
AMS5 1/01 – 31/05 | 1/09 – 31/12 -  
AMS6 1/01 – 23/05 | 1/09 – 31/12 24/05 – 31/08  
AMS7 1/01 – 30/06 | 1/09 – 31/12 -  
AMS8 1/01 – 23/05 | 1/09 – 31/12 -  
ROM1 - 1/02 – 23/12  
ROM2 - 1/01 – 31/12  
ROM3 1/01 – 31/03 | 1/11 – 31/12 1/04 – 31/10  
ROM4 - 1/01 – 31/12  
ROM5 1/01 – 31/03 | 27/10 – 31/12 1/04 – 26/10  
ROM6 1/01 – 30/04 | 27/10 – 31/12 1/05 – 26/10  
ROM7 1/01 – 30/04 | 14/10 – 31/12 1/05 – 13/10  
ROM8 1/01 – 30/04 | 14/10 – 31/12 1/05 – 13/10  

4.4.2.3 Calculated impact indices  

The impact indices for heating and cooling were calculated (Step 3) for each building variant 
following the approach presented in Sections 4.2.1 and 4.2.2. The impact indices for blind 
operation were calculated only with respect to cooling energy use because blind operation is here 
considered for thermal purposes only, rather than also for visual purposes. Table 4.3 contains all 
impact indices results. 
Generally speaking, Table 4.3 shows a high variability of impact indices according to building 
vintage, climate, considered aspect of OB and performance indicator of interest. A varied effect 
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of OB on the analyzed building variants is hence expected. For example, the impact indices 
describing the effect of equipment use on cooling energy use are higher in Amsterdam, where 
summers are milder, than in Rome, where most of the cooling load is likely related to weather 
conditions. An analysis of the II results allows estimation of the sensitivity of heating/cooling 
demand to various aspects of OB (Step 5). For instance, the impact indices for equipment use, 
heating are very low for AMS5, AMS7, ROM5, ROM7, indicating a low potential effect of such 
OB aspects on the heating demand of the mentioned building variants.  

Table 4.3: Impact indices results for all investigated building variants and aspects of OB 

  

II Equipment 
Use II Light Use 

II Occupant 
Presence 

II Blind 
Operation II Tsp Setting 

Building 
ID 

 Cooling Heating  Cooling Heating  Cooling Heating  Cooling  Cooling Heating 

AMS1  
0.76 1.09 0.52 0.74 0.27 0.42 1.15 0.48 0.13 

AMS2  
1.11 - 0.76 - 0.13 - 0.44 0.58 - 

AMS3  
0.89 0.45 0.61 0.31 0.32 0.18 1.51 0.47 0.29 

AMS4  
1.10 2.81 0.75 1.91 0.13 0.33 0.57 0.53 0.07 

AMS5  
- 0.15 - 0.10 - 0.06 - - 0.58 

AMS6  
1.10 0.61 0.75 0.41 0.13 0.08 1.66 0.63 0.48 

AMS7  
- 0.13 - 0.09 - 0.05 - - 0.62 

AMS8  
- 0.45 - 0.31 - 0.06 - - 0.53 

ROM1  
0.46 - 0.31 - 0.16 - 0.89 0.60 - 

ROM2  
0.69 - 0.47 - 0.08 - 0.43 0.57 - 

ROM3  
0.37 0.95 0.25 0.64 0.13 0.36 0.79 0.14 0.31 

ROM4  
0.83 - 0.57 - 0.10 - 0.52 0.66 - 

ROM5  
0.22 0.31 0.15 0.21 0.08 0.12 1.29 0.75 0.51 

ROM6  
0.51 1.63 0.35 1.11 0.06 0.18 0.95 0.72 0.31 

ROM7  
0.22 0.23 0.15 0.16 0.08 0.09 1.27 0.72 0.54 

ROM8  
0.51 1.12 0.35 0.76 0.06 0.13 0.97 0.72 0.38 

4.4.2.4 Verification of impact indices results: equipment use for heating ( , ) 

As an example, the impact indices results are verified (Step 4) for the case of equipment use for 
heating. This step is dashed in the method flowchart because the choice of verification is up to 
the simulation user, who will decide based on his/her building and on the values of the impact 
index. For the sake of simplicity, only the impact indices obtained for equipment use in heating 
mode ( , ) were verified in all building variants. The utilized gains fraction (UGF) was 
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first calculated (see Fig. 4.9). This operation was performed by setting the equipment gains to 
zero for each case and comparing the obtained results with the base case. By doing so, it was 
possible to derive the ratio of equipment gains that was indeed used to offset the heating demand. 
This ratio is named the utilized gains fraction.  
 

 

Fig. 4.9: Utilized Gain Fraction (UGF) for investigated building variants (equipment use, heating) 

Fig. 4.10 shows the original , 	alongside the recalculated II weighted by the UGF. It 
is evident that the initial assessment, i.e. the fact that equipment use is non-influential for 
heating demand in the cases of AMS5, AMS7, ROM5 and ROM7, does not change. This 
conclusion necessarily depends on the determined sensitivity limits. As expected from Fig. 4.9, 
Fig. 4.10 also shows that the magnitude of the overestimation provided by the standard II differs 
according to building variant.  

 

Fig. 4.10: Comparison between original II and recalculated II by weighting for UGF given in Fig. 4.8 
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The value for the sensitivity limit should be set according to the requirements of the party 
involved in the decision-making process. For example, it can be assumed that all cases with a II 
< 0.2 are negligible. All other cases are considered influential, and hence should proceed to the 
next steps of the FFP-OBm strategy (see Table 4.4). It is worth mentioning that while presence 
may have a negligible effect on cooling/heating demand because of its related heat gains, whether 
people are present or not may also affect other aspects of OB. The required accuracy when 
modeling presence is hence subject to this consideration.  
It has to be noted that because the virtual experiment includes a set of fictitious buildings, the 
steps of the II Method involving the estimation of likelihood and magnitude of OB variation are 
not addressed here since they involve information coming from knowledge. The complete II 
Method was applied to existing buildings. The results of these applications are presented in 
Chapter 7. 

Table 4.4: Impact indices results assessment: crossed cells are considered non-influential as II<0.2 

  II Equipment II Lights II Presence 
II 

Blinds II Tsp 

Building 
ID 

 Cooling Heating  Cooling Heating  Cooling Heating  Cooling  Cooling Heating 

AMS1  
             

AMS2  
 -  -   -    - 

AMS3  
             

AMS4  
             

AMS5  
-   -  -  - -  

AMS6  
             

AMS7  
-   -  -  - -  

AMS8  
-   -  -  - -  

ROM1  
 -  -  -    - 

ROM2  
 -  -  -    - 

ROM3  
             

ROM4  
 -  -  -    - 

ROM5  
             

ROM6  
             

ROM7  
             

ROM8  
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4.5 Reliability test  

 Description of the one-at-a-time (OAT) sensitivity analysis 

A OAT sensitivity analysis is carried out to evaluate whether the developed impact indices 
yielded significant results. The OAT sensitivity analysis is performed in a simplified manner by 
modifying OB-related parameters as shown in Table 4.5. Blinds are operated according to façade 
orientation; in particular, they are lowered in the East façade between 6 am and 2 pm, in the 
South façade 9 am – 6 pm, and in the West façade 1 pm – 9 pm. The blinds are modeled as 
roller blinds with thickness = 0.01 m, conductivity = 1 W/mK, and solar transmittance = 0.05. 
These amendments are for illustrative purposes; the actual variation in OB may differ according 
to the specific case and designated use of the building.  

Table 4.5: Amendments made to operation parameters to perform OAT sensitivity analysis 

Operation parameters Amendment made

Tsp, heating [C] ±1ºC

Tsp, cooling [C] ±1ºC

Equipment Power Density (EPD) [W/m2] ±50%

Lighting Power Density (LPD) [W/m2] ±50%

Occupant presence density [occupant/office] ±50%

Blind Operation Closed according to façade orientation 

 
As mentioned earlier, the OAT sensitivity analysis is used as a reliability test of the presented 
approach. The effect of applying the variations presented in Table 4.5 heating and cooling energy 
is considered to be the ground truth, or the actual influence that different aspects of (simplified) 
OB have on heating and cooling energy. An example of the results obtained by means of the 
OAT sensitivity analysis is reported in Fig. 4.11. 
Fig. 4.11 shows that applying the changes presented in Table 4.5 results in a positive and 
negative variation in the energy use if compared to the base case. For example, increasing the 
heating temperature setpoint of AMS7 by 1 °C results in a 9% increase of the heating energy 
(i.e. 14.33 GJ), while decreasing it by 1 °C reduces the heating energy by 9% (or 13.05 GJ). 
Likewise, decreasing e.g. the EPD is expected to have an increasing effect on the heating energy, 
while decreasing the EPD should have the contrary effect. For the sake of simplicity, all results 
of the OAT analysis are reported in Table 4.6 as mean values of the absolute increase/decrease 
in energy resulting from the OB variations (in the example case, corresponding to |13.69| GJ).  
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Fig. 4.11: Influence of changing the temperature setpoint on heating energy (AMS7) 

Table 4.6: OAT sensitivity analysis results: mean values of absolute energy variations 

  
Effect of 

Equipment Use 
[%] 

 Effect of Light 
Use [%] 

 
Effect of 
Occupant 

Presence [%] 

 

Effect of 
Blind 

Operation 
[%] 

 Effect of Tsp 
Setting [GJ] 

Building 
ID 

 Cooling Heating  Cooling Heating  Cooling Heating  Cooling  Cooling Heating 

AMS1 24% 33% 16% 22% 13% 14% -16% 3.39 2.58 
AMS2 36% - 26% - 7% - -6% 5.50 - 
AMS3 24% 15% 17% 10% 14% 6% -16% 3.46 5.29 
AMS4 40% 61% 29% 37% 8% 6% -7% 6.39 3.27 
AMS5 - 6% - 4% - 2% - - 11.93 
AMS6 27% 20% 20% 13% 5% 3% -41% 8.13 9.94 
AMS7 - 5% - 3% - 2% - - 13.69 
AMS8 - 16% - 10% - 2% - - 11.71 
ROM1 15% - 10% - 8% - -12% 8.13 - 
ROM2 25% - 17% - 5% - -6% 4.99 - 
ROM3 

 
12% 24% 9% 18% 7% 11% -10%

 
5.64 3.03 

ROM4 
 

26% - 18% - 5% - -6%
 

7.48 - 
ROM5 

 
6% 9% 4% 6% 3% 4% -36%

 
11.49 7.43 

ROM6 
 

16% 30% 11% 19% 3% 4% -28%
 

13.69 5.46 
ROM7 

 
6% 7% 4% 5% 3% 3% -33%

 
12.08 8.66 

ROM8 15% 24% 10% 15% 3% 3% -26% 14.25 6.78 

 

The effect of applying blinds is reported solely as energy reduction as it is only calculated for 
cooling energy (and the blinds have a beneficial effect on cooling energy use, as expected). 

Table 4.6 shows that the effect of changing the EPD by ±50% causes a relative variation in 
cooling energy of 6% (ROM5) to 40% (AMS4). ROM5 is a skin-load dominated building, where 
heating and cooling together cover 67% of the primary energy use, while AMS4 is an internal 
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load dominated building (heating and cooling together cover 20% of the total primary energy 
use). The relative variation of heating energy is 6% (AMS5) – 61% (AMS4). In contrast, 
changing the LPD by ±50% has a 4% – 29% effect on cooling and 3% – 37% effect on heating. 
Presence has a smaller influence on cooling and heating, causing a variation of 3% – 14% and 
2% – 14%, respectively. The maximum cooling reduction due to blind operation is registered in 
ROM5 (-36%), while the minimum occurs in AMS2 and ROM4 (-6%). In absolute terms, the 
temperature setpoint has a higher effect on buildings characterized by a low thermal insulation. 
In particular, the largest effect of varying the cooling setpoint occurs in ROM5 – ROM8, while 
a variation in heating setpoint has most influence in AMS5 – AMS8. 
To determine if the impact indices led to a satisfactory estimation of the potential impact of 
OB, the impact indices results are plotted against those obtained by means of the OAT analysis 
for each aspect of OB (cooling and heating energy need are shown separately) (Fig. 4.12 – Fig. 
4.16). 
 

                   

Fig. 4.12: II reliability test: comparison with OAT sensitivity analysis results for the impact of equipment 
use on cooling (left) and heating (right) energy. Each dot represents a building variant 

   

Fig. 4.13: II reliability test: comparison with OAT sensitivity analysis results of the impact of light use on 
cooling (left) and heating (right) energy 
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Fig. 4.14: II reliability test: comparison with OAT sensitivity analysis results for the impact of occupant 
presence density (PD) on cooling (left) and heating (right) energy 

   

Fig. 4.15: II reliability test: comparison with OAT sensitivity analysis results for the impact of 
temperature setpoint on cooling (left) and heating (right) energy 

 

Fig. 4.16: II reliability test: comparison with OAT sensitivity analysis results for the impact of applying 
the blinds on cooling energy 
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Fig. 4.17 shows the results of the II compared to the weighted II for the case of	 , . 
While in both cases a very high R2 value is obtained, it is evident that weighting the II results 
in an even better comparison with the OAT, as expected. 

 

 

Fig. 4.17: Comparison of reliability test for standard II (left) and weighted II (right) 

4.6 Discussion and methodological limitations 

The impact indices, calculated by means of a single simulation run, have a significant correlation 
with the results of the OAT sensitivity analysis. In particular, the R2 values for both heating 
and cooling reliability tests with regard to equipment use, light use and occupant presence were 
always >90%. This outcome reveals that >90% of the effect on cooling and heating energy due 
to variations in the mentioned aspects of OB can be explained by the impact indices. When 
analyzing the effect of blind use and temperature setpoints, approximately 85% of the variations 
could be explained. These results demonstrate how a method based on a single simulation run 
can yield significant estimates of the potential effect of equipment use, light use, blind use, 
occupant presence and setting of the temperature setpoint on heating and cooling energy. 
A number of simplifications made in this study ought to be pointed out: i) the considered 
building variants are purposely extreme variations (e.g., EPD and LPD = 16.14 W/m2 may not 
be representative of common office buildings); ii) the aspects of OB are modeled as static 
variations rather than stochastic implementations of occupants’ diversity; the variations 
presented in Table 4.2 are intentionally exaggerated for the purposes of this study;  iii) the 
choice of supplying energy by means of an ideal system could correspond to the initial phases of 
the building design, but is not representative of a more advanced stage; iv) there exist some 
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limitations with the II themselves, as highlighted in Section 4.2.3. Nevertheless, the proposed 
initial screening method proved to be efficient and effective in providing information about the 
potential effect of a number of OB aspects on heating and cooling energy demand. Among the 
envisioned applications of the method is screening of non-influential OB aspects to determine 
the FFP-OBm complexity, and investigating OB-related risks for energy performance contracts.  

4.7 Concluding remarks 

The first step of the FFP-OBm strategy, namely the II Method, is presented in this chapter. 
The II Method was developed to quickly forecast the potential influence of blind operation, light 
and equipment use, occupant presence, and temperature setpoint setting on building cooling and 
heating energy demand. The method seeks to fill the existing gap for a fast, simple method to 
estimate the impact of various OB aspects on building energy performance, which is found to 
be dependent on many factors. The impact indices were defined, applied to 16 building variants, 
and tested by comparing their results with those of OAT sensitivity analysis. The outcome of 
this testing was positive and confirmed the capability of the II to forecast OB influence. The 
possible limitations of the method were pointed out, and particularly concerning the fact that 
the indices are based on the values of the building’s sensible heat balance provided by the 
software. As such, they may be misleading in the presence of significant latent loads and for 
cases where the gross and net heat gains differ considerably. In this study, the indices are 
instrumental in filtering out the non-influential aspects of OB for further analysis, thereby 
avoiding the need to create scenarios for the non-influential OB aspects in the next step of the 
strategy. While the screening method was developed to test the sensitivity of building heating 
and cooling demand to a number of OB aspects, it remains possible to propose similar screening 
methods that look at different performance indicators as well, such as overall energy use or 
comfort performance.  
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5 The fit-for-purpose approach: the Diversity 
Patterns Method 

 

Charles M. Schulz, Peanuts 

 
 
 
 
This chapter discusses the second step of the fit-for-purpose approach: The Diversity Patterns Method. The 
introduction (Section 5.1) explains the standing of the Diversity Patterns Method within the overall FFP-
OBm strategy. Section 5.2 provides the theoretical basis for the method, which is based on the application 
of diversity patterns and on the statistical Mann-Whitney U test. The diversity patterns aim at quantifying 
the sensitivity of a building/performance indicator to uncertain OB aspects, while the Mann-Whitney U test 
allows for the distinguishing of influential and non-influential OB aspects, thereby refining the screening 
presented in Chapter 4. Then (Section 5.3), a virtual experiment is presented, with the scope of testing the 
Diversity Patterns Method. Section 5.4 describes a reliability test conducted to evaluate the validity of the 
results achieved in Section 5.3. The method is discussed in Section 5.5, while conclusions are provided in 
Section 5.6. 
 
NB: The content of this chapter is largely inspired by an original research article published in the Journal 
of Building Performance Simulation under the title: Isabella Gaetani, Pieter-Jan Hoes, and Jan L. M. Hensen 
(2018). On the sensitivity to different aspects of occupant behavior for selecting the appropriate model 
complexity in building performance predictions https://doi.org/10.1080/19401493.2016.1260159 (Gaetani, 
Hoes, and Hensen 2016b)   
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5.1 Introduction 

The Impact Indices Method presented in Chapter 4 yielded two possible outcomes: either an OB 
aspect was categorized as trivial for the results, in which case it is recommended to use the 
lowest model complexity possible. Alternatively, if an OB aspect was categorized as having a 
potential influence on the results, the Diversity Patterns Method, presented hereafter, should be 
applied. Put simply, the Diversity Patterns Method seeks to further refine the Impact Indices 
Method. In particular, a number of steps were defined to test the actual sensitivity of a 
building/performance indicator to different aspects of OB. The Diversity Patterns Method also 
extends the Impact Indices Method in terms of performance indicators. In fact, it can be applied 
to any performance indicator or purpose of simulation, whereas the Impact Indices Method is 
currently designed as a fast screening method to test the sensitivity to OB of heating and cooling 
energy demand only. While the effort of applying the Diversity Patterns Method is surely higher 
than the effort required by the Impact Indices Method, it is still lower than applying higher 
complexity models in terms of expertise and computational demand. Moreover, as often declared 
within this thesis, it follows the simple precept that everything should be made as simple as 
possible, but not simpler.  

5.2 Methodological steps  

A method is proposed to accomplish a twofold objective: i) to quantify the sensitivity of results 
to different aspects of occupant behavior; and ii) to distinguish influential from non-influential 
aspects. The overall hypothesis is that a higher model complexity might be needed for the 
influential aspects of occupant behavior. As the influential aspects presumably depend on the 
building, climate, purpose of simulation (performance indicator) and use scenario (Tahmasebi 
and Mahdavi 2016; Gaetani, Hoes, and Hensen 2016a), this hypothesis highlights how the 
appropriate model complexity might be derived from the object – and objective – of the 
simulation.  

 Quantify the sensitivity of results to different OB aspects 

The sensitivity of a building/performance indicator to occupant behavior is quantified by 
applying the diversity patterns themselves. The diversity patterns are (high/low) possible 
variations of uncertain aspects of OB that the Impact Indices Method categorized as non-trivial. 
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As such, they are implemented by means of schedules or other built-in deterministic software 
assumptions. The reason behind formulating such diversity patterns is to preliminarily test the 
influence of different aspects of OB on a building/performance indicator. Implementing diversity 
patterns is considered to be the same model complexity as required by standard schedules and 
assumptions, or complexity 0. However, the diversity patterns add diversity to standard 
schedules and IF-THEN models by considering a set of occupants. Typically, if the 
building/performance indicator is at all influenced by the OB aspects (as presumed, given the 
preliminary screening by means of impact indices), one expects the resulting value to move from 
a single value to a spread of values. An effective way to represent such a distribution is by means 
of boxplots (see Fig. 5.1). Once the patterns are defined, they are implemented automatically 
to the EnergyPlus .idf file by means of code written in MATLAB and available at 
https://data.4tu.nl/repository with DOI 10.4121/uuid:3e03a5ac-b1c9-42a4-b7f4-6ace04c23b90. 

 
Fig. 5.1: Boxplot representing the simulation results from diversity patterns. In this case, the median value 
of the boxplot corresponds to the result obtained by means of a single simulation run (standard approach) 

Depending on the purpose of the simulation, implementing diversity patterns may be sufficient 
to make a decision (see Section 3.2.2). For example, the purpose of the simulation may be to 
ensure that a given threshold of overheating hours is not exceeded. In this case, if the whole 
spread of values obtained by applying the diversity patterns is under such a threshold, the 
simulation user has accomplished his/her task and can make an informed decision. In the 
example in Fig. 5.2, the performance indicator of Design A always falls below the maximum 
threshold value when applying diversity patterns. In this case, the informed decision of preferring 
Design A to Design B can be made without increasing model complexity. 
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The diversity patterns find their origins in available, simple examples of sensitivity analysis to 
OB (e.g., (Hong and Lin 2012a)). However, in contrast with available literature, it is preferred 
to abstain from defining a priori whether a diversity pattern is associated with “conscious” or 
“wasteful” behavior. In fact, while for certain OB aspects this categorization may be obvious 
(e.g., a higher cooling Tsp will always yield to energy savings), in other cases it may be more 
complex (e.g., use of equipment contributing to both increasing electricity consumption and 
offsetting heating demand). 

 
Fig. 5.2: Spread of performance indicator of two design alternatives 

Moreover, previous research (Gaetani, Hoes, and Hensen 2016a) suggested that diversity 
patterns should not be implemented one-at-a-time, but rather in all possible combinations. In 
fact, considering only the one-at-a-time variations may lead to severe underestimations of the 
sensitivity to OB. Fig. 5.3 shows the influence of various operation parameters on the heating 
energy demand and heating peak load of an EnergyPlus mid-size reference office building located 
in Chicago, Illinois. This figure illustrates well how considering each operation parameter 
singularly, rather than in all possible high/low combinations, would lead to underestimating the 
potential influence of OB. For this reason, it is proposed to test all possible combinations of 
diversity patterns of uncertain OB aspects.  
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Fig. 5.3: Influence of operation parameters on heating energy consumption (a) and heating peak load (b) 
of the EnergyPlus Mid-size office reference building (for further details see (Gaetani, Hoes, and Hensen 

2016a)) 

 Distinguish influential from non-influential aspects 

After investigating a number of statistical methods, the Mann-Whitney U test was deemed 
appropriate to accomplish the second objective, i.e. to determine whether an aspect of occupant 
behavior is relevant for the results. The Mann-Whitney U test is a nonparametric statistical test 
that is used to assess whether two independent groups are significantly different from each other. 
Here, the two groups are characterized by all combinations with the same pattern for an 
uncertain aspect of OB. In particular, all results characterized by a certain type of OB, referred 
to as pattern A, are compared with those with the same type of behavior, referred to as pattern 
B. The test was initially designed by Wilcoxon for two samples of the same size, and it was 
further developed in 1947 by Mann and Whitney to cover different sample sizes. Its strength in 
comparison to sensitivity analysis methods that are traditionally used in BPS (Tian 2013) is 
that this test is able to process correlated and non-correlated inputs, whose variation does not 
follow a uniform or normal distribution. Moreover, in contrast to the t-test, it does not compare 
mean scores but median scores, which renders it much more robust against outliers and heavy 
tail distributions. Please refer to Appendix C: Mathematical formulation of Mann-Whitney U 
test for the mathematical principles related to the Mann-Whitney U test. 
In practice, the test is applied to the results through a MATLAB code (available at 
https://data.4tu.nl/repository) to allow a quantitative assessment of whether an OB aspect can 
be defined as influential or non-influential. There is a statistically significant influence of the 
behavior on the results if the statistical p-value < 0.05. The sensitivity analysis allows the 
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identification of those aspects of OB that are responsible for the spread in the results, so that 
more attention can be directed towards modeling such aspects. 
Fig. 5.4 is a schematic representation of the steps that must be followed to apply the Diversity 
Patterns Method. 
 

Start End
Identify influential 

OB aspects

Run simulations and 
assess potential OB 

influence

Definition of 
diversity patterns 
for uncertain OB 

aspects

Can make 
decision?

no

yes

 

Fig. 5.4: Schematic of the Diversity Patterns Method 

The proposed method is tested by means of a virtual experiment, the details of which are given 
in Section 5.3. 

5.3 Virtual experiment to test the proposed method 

First, the case study is illustrated (Section 5.3.1). Second, the diversity patterns for the 
uncertain aspects of OB are defined (Section 5.3.2). Next, the performance of the building 
variants and the potential OB influence are assessed (Section 5.3.3). Then, if a decision cannot 
be taken, or if the range in the performance indicator shows an effect of OB due to the patterns 
worthy of further investigation, a sensitivity analysis by means of the Mann-Whitney U test 
takes place to identify the influential aspects of OB (Section 5.3.4).  

 Description of the case study 

5.3.1.1 Building 

A testbed made of 16 different variants of a cubicle office was defined using EnergyPlus version 
8.3 (Fig. 5.5 and Table 5.1). Different buildings, climates, purposes of simulation and use 
scenarios were defined to verify the hypothesis that various aspects of OB are influential in 
different cases. Therefore, the appropriate OB model complexity depends on the case at hand. 
The buildings’ characteristics, as well as the choice of climates, will necessarily have an impact 
on the sensitivity of the results to certain aspects of OB. For example, a relatively small openable 
window fraction may result in a lower-than-expected sensitivity to window operation.  
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Fig. 5.5: Impression of the case study building variants. Each variant is investigated for two climates and 
two lighting and equipment power densities 

The office dimensions are 553 m3, and the south-facing wall faces outside, while all other 
walls, ceiling and floor are assumed to be adiabatic, as if the office was surrounded by other 
cubicles in thermal equilibrium with it. An operable window equipped with an external shading 
device is placed on the external wall. Two climates are considered: Amsterdam, the Netherlands, 
and Rome, Italy. Two variations of window-to-wall ratio (WWR) are defined, namely 40% and 
80%. The fraction of window that can actually open is set as 10% of the total window area, 
which corresponds to 0.6 m2 for WWR=40% and 1.2 m2 for WWR=80%. The other variations 
concern the power density of lights and equipment, and the construction of wall and window, 
which resulted in a total of 16 building variants (see Fig. 5.5 and Table 5.1).  
Heating and cooling are provided by means of an ideal system, whose size was capped based on 
the results of preliminary simulation runs. As for the phase in the building lifecycle, this study 
investigates the conceptual design phase only, when no data about the actual building 
performance is available. 

5.3.1.2 Performance indicators 

Heating and cooling energy and weighted overheating hours are the selected performance 
indicators.  
Weighted overheating hours (WOH [h]) are calculated with the simplified formula 
 

∙ 0       (5.1) 

 
where h is occupied hour i, Top is the operative temperature [°C] at hour i, n is the number of 
occupied hours, and Tmax is the maximum allowed temperature. Tmax is here assumed to be 28°C, 
corresponding to Class D temperature summer limits in actively cooled buildings (Boerstra, van 
Hoof, and van Weele 2015). For comfort-related performance indicators, a maximum acceptable 
value is typically defined. A threshold of 500 h is taken for illustrative purposes. The order of 
magnitude of this figure is based on the daily limits for weighted exceedance. According to 
(CIBSE 2013), the number of WOH shall be less than or equal to 6 in any one day in the cooling 
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season, or equal to 109 (weekdays May 1st – September 30th) 6 = 654 h. It is supposed that 
when no-adaptive Tmax are considered, as in the case of active cooling, the limit should be more 
stringent.  

Table 5.1: Characteristics of the investigated building variants 

   Thermal insulation Power Density 

Building 
ID 

Climate 
WWR 

[%] 

Wall R-
value 

[m2K/W] 

Window U-
value 

[W/m2K] 

g-
value 

[-] 

Visible
Transmittance 

[-] 

Lights 
[W/m2] 

Equipment 
[W/m2] 

1 Amsterdam 40 4 1.1 0.29 0.48 15 10 
2 Amsterdam 40 4 1.1 0.29 0.48 5 3 
3 Amsterdam 40 1.3 3 0.73 0.75 15 10 
4 Amsterdam 40 1.3 3 0.73 0.75 5 3 
5 Amsterdam 80 4 1.1 0.29 0.48 15 10 
6 Amsterdam 80 4 1.1 0.29 0.48 5 3 
7 Amsterdam 80 1.3 3 0.73 0.75 15 10 
8 Amsterdam 80 1.3 3 0.73 0.75 5 3 
9 Rome 40 4 1.1 0.29 0.48 15 10 
10 Rome 40 4 1.1 0.29 0.48 5 3 
11 Rome 40 1.3 3 0.73 0.75 15 10 
12 Rome 40 1.3 3 0.73 0.75 5 3 
13 Rome 80 4 1.1 0.29 0.48 15 10 
14 Rome 80 4 1.1 0.29 0.48 5 3 
15 Rome 80 1.3 3 0.73 0.75 15 10 
16 Rome 80 1.3 3 0.73 0.75 5 3 

 Definition of diversity patterns for uncertain OB aspects 

A number of aspects related to OB were assumed to be uncertain, namely: occupant presence, 
HVAC use, equipment and light use, heating and cooling temperature setpoint, blind and 
window operation. All aspects are considered, regardless of how they would perform in the 
Impact Indices Method. The reasoning behind such a choice is that, for illustration purposes, 
non-influential aspects should also be kept to verify whether the method is working. In this 
thesis, diversity patterns are defined as perceptual structures to describe different attitudes in 
various aspects of OB. For the OB aspects mentioned above, diversity patterns were defined as 
in Table 5.2. Most of the variations are as in (Hong and Lin 2012b). As mentioned, it is preferable 
to avoid classifications in terms of the environmental attitude expressed by patterns (e.g., 
conscious behavior vs. wasteful behaviors), but rather just formulate patterns for the two 
extreme ends of a given OB aspect. Nevertheless, in the example provided in Table 5.2, Pattern 
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A can be ascribed to rather energy-efficient, active behavior, and Pattern B can be ascribed to 
more wasteful, passive behavior. Clearly, the assumptions made in formulating the diversity 
patterns will have a great impact on the results of the sensitivity analysis, as further clarified in 
Section 5.5. Where possible, the user of this methodology should corroborate his/her 
assumptions with data, so that the diversity patterns are representative for possible variations 
of OB. In this case, the purpose of implementing diversity patterns is to investigate the 
sensitivity of different building variants to standardized variations in OB. 

Table 5.2: Diversity patterns for uncertain aspects of occupant behavior 

Type of behavior Pattern A Pattern B 
Presence Mon-Fri 10-12 am and 1-4 pm Mon-Fri 8-12 am and 1-6 pm 

HVAC use ON when occupied Always ON with Tsetback (15.6°C when 
heating, 26.7°C when cooling) 

Equipment use 90% when occupied; 30% when non-
occupied 

 

100% 10am-4pm or 8am-6pm according 
to presence; 60% before arrival and 

after departure 
Light use ON when occupied; daylighting control ON when occupied + lunch break; no 

daylighting control 
Heating setpoint [°C] 18 23
Cooling setpoint [°C] 26 22

Blind use Close if occupied, cooling and high 
solar on window 

Always open 

Window operation Open if occupied, Tin > Tsp, cooling and 
ΔTin-out > 2°C 

Always closed 

 

The diversity patterns are not implemented one-at-a-time in the simulation model, nor Pattern 
A is directly compared to Pattern B, but rather all possible combinations of Pattern A and 
Pattern B are considered. This operation is carried out for the reasons mentioned in Section 
5.2.1 and to mimic the actual behavior of people in practice, whereby a conscious attitude 
regarding one OB aspect does not necessarily imply such attitude in different OB aspects. In 
this example eight OB aspects were considered in each of the two patterns, hence the total 
number of combinations that are investigated are 2 (number of patterns) 8 (number of OB aspects) = 256 
scenarios. Out of these 256 scenarios, 64 scenarios are characterized by Tsp,heating = 23°C and 
Tsp,cooling = 22°C, which would lead to the HVAC system constantly looping between the two 
setpoints. Therefore, the 64 scenarios where Tsp,heating > Tsp,cooling are excluded. The total number 
of investigated scenarios is thus 256 – 64 = 192 scenarios. The daylighting control is implemented 
in the model using the EnergyPlus option Fraction Replaceable under the Lights 
specification. If Fraction Replaceable = 0 there is no dimming control, while if 
Fraction Replaceable = 1 there if full dimming control. Conversely, Pattern B for blind 
use and window use is implemented by means of the Shading Control Type option under 
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the WindowShadingControl specification and by means of the 
ZoneVentilation:WindandStackOpenArea specification, respectively. The Shading 
Control Type is set to OnNightAndOnDayIfCoolingAndHighSolarOnWindow and the 
maximum temperature and temperature difference are defined in the Zone Ventilation 
specification. It should be noted that occupant presence is not only considered in terms of 
internal gains due to occupant presence, but also acts as a trigger for most other adaptive actions 
(see Table 5.2). 

 Run simulations and assess potential OB influence 

The results in this section are given for the impact of diversity patterns on performance 
indicators. Then, those cases where a decision could not be taken (e.g., WOH exceed the set 
threshold) are advanced to the next step, i.e. the sensitivity analysis by means of Mann-Whitney 
U test to define influential vs. non-influential aspects (Section 5.3.4). 
The impact of occupant behavior diversity patterns is evaluated for the aforementioned 
performance indicators and building variants. This step is taken to establish whether OB as a 
whole has an effect on the performance indicators. In cases where the effect of OB is negligible, 
it is assumed that there is no point in modeling it in further detail. In contrast, in cases where 
there is a visible effect of OB, a further sensitivity analysis by means of the Mann-Whitney U 
test is undertaken. Fig. 5.6 shows the range of cooling energy use due to OB. A significant 
variation in all building variants can be seen.  

 
Fig. 5.6: Variation in cooling energy use due to diversity patterns for uncertain aspects of occupant 

behavior in building variants 1-16 (see Table 5.1) 
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Ultimately, it will depend on the purpose of the simulation whether a given variation is 
considered acceptable or not. 
Fig. 5.7 represents the impact of occupant behavior on heating energy use. For all building 
variants located in Rome (9 to 16), the heating energy demand was lower than 10 kWh/m2y 
regardless of OB. Depending on the purpose of the simulation, the relative variation may be 
considered important or not. In this example all building variants are considered to be sensitive 
to OB. 

 
Fig. 5.7: Variation in heating energy use due to high/low patterns for uncertain aspects of occupant 

behavior 

An analysis of the impact of OB on weighted overheating hours (Fig. 5.8) reveals that all 
buildings located in Rome, and two buildings located in Amsterdam (building 7 and 8, 
characterized by WWR=80% and low thermal insulation) exceed the threshold of 500 h. 
In summary, it is assumed that the effect of OB on results needs to be further examined for: 
cooling energy in all buildings, heating energy in all buildings, and WOH for buildings 7, 8 and 
9 – 16. For these cases, a sensitivity analysis with the Mann-Whitney U test was applied to 
determine which aspects of OB are statistically significant for the results. 
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Fig. 5.8: Variation in weighted overheating hours due to high/low patterns for uncertain aspects of 

occupant behavior 

 Identify influential OB aspects 

In this section, the results of the sensitivity analysis by means of Mann-Whitney U test are given 
and briefly commented on according to investigated performance indicator.   

 
Sensitivity analysis of cooling energy use to occupant behavior 
As expected, the results of the Mann-Whitney U test show that cooling energy use depended on 
the HVAC use for all building variants, and did not depend on the heating setpoint temperature 
in any of the building variants. The results for all types of behavior are shown in Fig. 5.9. 
Only buildings 4, 8 and 16 (variants with low thermal insulation and low power density for both 
Amsterdam and Rome WWR=80%) were not influenced by occupant presence. This result can 
be explained as the cooling demand of such variants is highly dependent on solar heat gains and 
thermal exchange through the building envelope. Internal heat gains – which depend on presence 
– are relatively less important. 
In contrast, equipment use was only relevant for the results in building variants 1 and 9, 
characterized by low WWR, high thermal insulation and high PD. 
The results are relatively more sensitive to light use than equipment use due to the higher power 
density of lights, with only 4 variants (4, 8, 14 and 16) not being affected by this aspect of 
occupant behavior. 
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According to expectations, the cooling temperature setpoint was a decisive factor for cooling 
energy use in almost all buildings. The only building variant that was not sensitive is variant 
15, located in Rome, with high WWR, low insulation and high-power density.  
As expected, in comparison to low WWRs, higher WWRs were affected to a greater extent by 
window opening due to the larger opening area. Of all the buildings with a WWR of 40%, only 
building variant 11 in Rome, characterized by low thermal insulation and high PD, showed 
sensitivity to window operation. As for the sensitivity to blind use, the only building variants 
that were not affected are 1 and 9. These variants are both characterized by low WWR, high 
thermal insulation and high-power density. In these variants the windows are characterized by 
a very low solar heat gain coefficient (SHGC), which weakens the effect of blinds. The use of 
blinds is shown to have a greater effect on building variants characterized by higher SHGC.  
 

 
Fig. 5.9: Sensitivity of cooling energy use to various occupant behavior aspects for all building variants; 

building variants with 1-p>0.95 are considered sensitive (black-filled bars) 

The results of the sensitivity test for heating energy and WOH are reported in Appendix D: 
Mann-Whitney U test for heating energy and WOH. 
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5.4 Reliability test  

A higher model complexity was applied to the influential and non-influential aspects for two 
building variants to test the effect of changing model complexity for aspects of OB that showed 
a different sensitivity. This operation functions as a reliability test for the results obtained by 
the method. In fact, increasing model complexity of OB aspects identified as non-influential is 
supposed to have a negligible effect compared to increasing model complexity of influential OB 
aspects.  
Only the cooling energy of two building variants and three adaptive behaviors (light, blind and 
window operation) were selected for this purpose as illustrative examples. Building variants 1 
and 16 were chosen as they show a different sensitivity of cooling energy use to light use, window 
operation and blind use (see Fig. 5.9). As a reminder, the hypothesis is that the non-influential 
aspects of OB can be modeled with the lowest complexity, while adding complexity to the 
influential aspects will provide further insights into the performance indicator compared with 
the simplistic diversity patterns. 
Instead of applying a higher model complexity only to the aspects of OB that are influential for 
the given building/performance indicator combination, both variants are considered. There are 
two main reasons for applying higher complexity models to both variants rather than only to 
the sensitive one: i) to test whether the Mann-Whitney U test leads to reliable results, (i.e. to 
verify that changing model complexity of a non-influential aspect does not have an impact on 
the performance indicator); ii) to inspect existing interrelations among aspects of OB (i.e., to 
understand whether a non-influential aspect of occupant behavior can be ignored when adding 
complexity).  
A higher model complexity is initially implemented for each aspect of OB one-at-a-time, and 
then simultaneously to investigate possible interrelations between the various aspects. It has to 
be noted that the initial number of scenarios due to the combinations of diversity patterns for 
all uncertain aspects of OB changes when performing this operation. In fact, if one aspect is 
modeled stochastically, the number of scenarios reduces from 192 to 96. If two aspects are 
modeled by means of a stochastic model, the resulting number of scenarios is 48, while if all 
three considered aspects are modeled in this way, there will be only 24 scenarios. 
The implemented occupant behavior models are well-established stochastic models taken from 
literature: Reinhart’s Lightswitch-2002 model (Reinhart 2004) for light use, Haldi and 
Robinson’s window operation model (Haldi and Robinson 2009), and Haldi and Robinson’s blind 
operation model (Haldi and Robinson 2010) (see Table 5.3). These models were developed for 
cellular offices in climates different than those considered in the case study, and there is no 
evidence that their combined use leads to representative results. However, they have been widely 
used in conjunction and for a number of buildings and climates (Gunay, O’Brien, and Beausoleil-
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Morrison 2016; Gilani et al. 2016) and represent the current state-of-the-art in OB modeling 
research. The occupant behavior models are here implemented in the building model by means 
of the EMS feature of EnergyPlus, as in (Gunay, O’Brien, and Beausoleil-Morrison 2016).  

Table 5.3: Stochastic models implemented for different types of behavior  

Type of behavior Stochastic model Pictogram 
Light use Lightswitch-2002 (Reinhart 2004)

 
Blind use Haldi and Robinson (Haldi and 

Robinson 2010)  
Window operation Haldi and Robinson (Haldi and 

Robinson 2009)  

 
A detailed description of the models can be found in Appendix E: Stochastic models implemented 
in Chapter 5. The models were run an appropriate number of times (Feng, Yan, and Wang 
2016) to take their stochasticity into account. A detailed description of the method used to 
determine the minimum number of runs can be found in Appendix F: Method to determine the 
appropriate number of runs nRuns for stochastic models, respectively. 

 Implementation of stochastic models to building variant 1 

The cooling energy of building variant 1 is shown to be sensitive to light use, while it is not 
sensitive to window operation or blind use (see Fig. 5.9). Modeling light use by means of 
Reinhart’s Lightswitch-2002 model (see Appendix E) causes the distribution in the results to 
change radically (Fig. 5.10). As expected, adding model complexity to the other considered 
aspects of OB leads to negligible differences in the results. Combinations of aspects have been 
considered to investigate the interactions among behavior; while some effect is noticeable, for 
the case under investigation, modeling the lights’ operation alone causes the greatest variation.  
 



 
 

 
  

102 

 

Fig. 5.10: Effect of implementing stochastic models for light use, blind and window operation on the 
cooling energy of building variant 1 

 Implementation of stochastic models to building variant 16 

The Mann-Whitney U test identified the cooling energy of building variant 16 as dependent on 
blind and window operation, while the results were not sensitive to light operation (see Fig. 5.9). 
Fig. 5.11 shows how applying a stochastic model to window and blind operation (see Appendix 
E) leads to a great variation of the performance indicator. Adding further model complexity to 
the light use has a marginal influence on the results. Fig. 5.11 also shows how adding model 
complexity to different influential aspects of occupant behavior has a diverse impact on the 
variation of the performance indicator. In this case, the blind operation model has a much 
stronger impact than the window operation model. This result could be due to the fact that the 
patterns already gave a similar representation of window operation to the one obtained by means 
of the stochastic model. Another plausible explanation is that, in spite of both aspects being 
classified as “influential” in the Mann-Whitney U test, blind operation has a stronger influence 
on the cooling energy.  
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Fig. 5.11: Effect of implementing stochastic models for light use, blind and window operation on the 

cooling energy of building variant 16 

5.5 Discussion and methodological limitations 

The results in Sections 5.3.3 – 5.3.4 confirm that different buildings and performance indicators 
show a dissimilar sensitivity to occupant behavior. The Mann-Whitney U test proved to be a 
suitable method to determine the aspects of OB that are influential for the results. In the 
considered case, all performance indicators were sensitive to HVAC use. The sensitivity to all 
other aspects of OB changed according to building variant and performance indicator. Generally 
speaking, blind operation appeared to be more relevant in buildings with high SHGC for all 
performance indicators. Light and equipment use had a greater effect for buildings with a use 
scenario characterized by higher power density. Building variants with bigger window areas were 
more sensitive to window operation. Although macro-trends are visible, it would have been 
impossible to establish a priori which aspects of OB were influential for the results. The current 
methodology is proposed to test the influence of uncertain OB aspects and distinguish influential 
and non-influential OB aspects for any case study at hand. An analysis of different climates and 
building variants is expected to lead to the conclusion that performance indicators will have 
different sensitivity to various OB aspects. 
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In Section 5.4 the effect of applying a higher model complexity on the range of cooling energy 
use was investigated both for influential and non-influential aspects. Fig. 5.10 and Fig. 5.11 
clearly show the ineffectiveness of increasing the model complexity of non-influential OB aspects.  
This study makes a number of simplifications that ought to be pointed out.  
First, the results of the sensitivity analysis strictly depend on the definition of diversity patterns, 
which should represent a plausible spectrum of the uncertainty of the considered aspect of OB. 
For example, all results were sensitive to HVAC use as there was a fundamental difference 
between Pattern A, in which the system is switched off when the building is unoccupied, and 
Pattern B, where the system is always on and a setback temperature is used. Moreover, the 
modeled triggering conditions for window opening in this case is Open if occupied, Tin > Tsp, 

cooling and ΔTin-out > 2°C (Table 5.2). This assumption may be valid for office buildings, where 
window opening behavior is mainly influenced by thermal discomfort (Haldi and Robinson 2009). 
However, it precludes de facto the sensitivity of energy-related performance indicators to window 
operation in the heating season. The user of this method should be aware of the realistic spectrum 
of uncertainty in his/her case to ensure that the modeling assumptions do not inhibit the 
significance of the results. 
Second, as the diversity patterns are implemented in the form of schedules or deterministic built-
in software functions, it was stated that implementing stochastic models is equivalent to 
increasing model complexity. While this is certainly true, in reality, model complexity is 
continuous rather than discrete, as a category (e.g., stochastic models) can be characterized by 
different complexities according to the model’s size and resolution (Gaetani, Hoes, and Hensen 
2016a). 
Third, while the scientific community agrees that fixed schedules may not be representative of 
actual behaviors, it has not reached agreement concerning the need for higher model complexity. 
Hence, while it is reasonable to state that higher complexity models offer a better approximation 
of reality, it is not yet proven that their predictions indeed lead to more realistic results (e.g., 
Mahdavi and Tahmasebi 2015b). The reliability of such models in this context is subject to the 
evaluation and validation process undertaken by the single models.  
Finally, selecting the fit-for-purpose model is not only about model complexity. In fact, different 
models have been developed for different building types, climates, performance indicators etc. If 
there is no evident match between the investigated case and the available models, all suitable 
models of a given complexity should be implemented.  
As pointed out in the introduction to this chapter, this study represents the second step towards 
achieving a FFP-OBm strategy. The case study explored in this chapter was a single-occupant 
office building during a fictional design stage. However, the methodology can be applied to whole 
buildings (as was shown in Chapter 4) and to other phases of the building lifecycle. Chapter 7 
provides a range of applications in different stages of the building lifecycle to verify that the 
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FFP-OBm indeed leads to efficient decision-making and improved predictive ability over 
traditional modeling techniques. 

5.6 Concluding remarks 

The Diversity Patterns Method is the second step of the FFP-OBm strategy. A practical 
approach to test the sensitivity to uncertain OB aspects and to identify the most influential OB 
aspects was introduced and tested in the conceptual design phase for eight building variants of 
a cellular office in Amsterdam and Rome using EnergyPlus version 8.3. The same approach can 
be used for whole buildings and in different phases of the building lifecycle. The Mann-Whitney 
U test proved to be a suitable statistical method to perform a sensitivity analysis in this context. 
The results highlighted how different buildings and PIs are influenced by the various OB aspects 
in a dissimilar way. A deeper analysis of two building variants confirmed the findings of the 
Mann–Whitney U test. In fact, increasing the model complexity of OB aspects that appear to 
be non-influential for the results has a marginal influence on the distribution of the performance 
indicator. It can be concluded that, for the investigated case, adding model complexity to those 
aspects of OB that the Mann–Whitney U test identified as non-influential might constitute an 
unnecessary time expenditure, depending on the purpose of the simulation. In cases where higher 
accuracy of the results is required, it might be necessary to model all aspects of OB that could 
be interrelated. Indeed, a small effect of such interrelation is visible, but is negligible if compared 
to the effects obtained by refining the modeling approach of the influential aspects. 
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6 The fit-for-purpose approach: overall view  

This idea that there is generality in the specific is of far-reaching importance. 
Douglas R. Hofstadter, Gödel, Escher, Bach: An Eternal Golden Braid 

 

 

 

 

 

 

This chapter presents the overall fit-for-purpose approach. First (Section 6.1), the possible outcomes of a 
positive Mann-Whitney U test are discussed, namely epistemic uncertainty reduction and model refinement. 
The decision-making process at higher model complexity is also addressed. Then (Section 6.2), the overall 
view of the FFP-OBm is provided. Section 6.3 presents the results of a practical demonstration of the 
strategy that was achieved by means of a virtual experiment. The overall strategy is discussed in Section 
6.4, alongside some concluding remarks. 
 
NB: The content of this chapter is partly inspired by a conference paper presented in San Francisco during 
BS2017 and published in the conference proceedings under the title: Isabella Gaetani, Pieter-Jan Hoes, Jan 
L.M. Hensen, 2017, Introducing and testing a strategy for fit-for-purpose occupant behavior modeling in a 
simulation-aided building design process, Proceedings of the 15th International IBPSA Conference (Building 
Simulation 2017), San Francisco (Gaetani, Hoes, and Hensen 2017) 
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6.1 Dealing with influential OB aspects: possible outcomes 

In Chapter 5, the highest level of sensitivity analysis by means of the Mann-Whitney U test was 
introduced and its significance was tested. While the proposed approach yielded meaningful 
results, the question of how to proceed when an OB aspect is identified as influential for the 
building/performance indicator, remains open. This section aims at answering this question, 
thereby guiding the choice of model complexity for aspects that are considered influential. 
Broadly speaking, there are two possible outcomes for a positive Mann-Whitney U test: either 
the simulation user can i) reduce the epistemic uncertainty of the OB aspect(s); or he/she could 
ii) improve the representation of the OB aspect(s) by refining its modeling formalism. Both 
approaches have their limits. The first approach inevitably involves time and cost expenditure, 
and may be unfeasible depending on the stage of the building lifecycle. In contrast, the second 
approach is subject to the reliability and trustworthiness of the models, and relies on the 
availability of the information needed to apply, and possibly derive, the model. Section 6.1.1 
and Section 6.1.2 discuss these two options. Section 6.1.3 illustrates the decision-making process 
at a higher complexity level. 

 Epistemic uncertainty of influential OB aspects 

If an aspect of OB appears to be influential, it should be verified whether the epistemic 
uncertainty connected with the OB aspect can be reduced. This operation allows the simulation 
user to ensure that the range of the diversity patterns previously assumed is not too extreme 
and indeed represents the case at hand. Typically, such uncertainty could be reduced by gaining 
further information and analyzing operational data, where possible. During the design phase, 
reducing epistemic uncertainty may mean collecting or accessing data from similar buildings to 
act as a benchmark. Moreover, the epistemic uncertainty could be reduced by limiting the 
degrees of freedom of people concerning influential OB aspects, such as imposing a maximum 
possible variation of the temperature setpoint. Finally, specific design choices could also 
contribute to reducing uncertainty, e.g. if the blind operation is found to be influential, the 
building designer may choose to apply automated solar shading systems rather than manual 
ones to reduce the uncertainty connected to this behavior (however, manual overrides should 
still be considered).  
Nonetheless, epistemic uncertainty cannot always be reduced. In some cases, one or more aspects 
of OB may be identified as influential, but there may be no possibility to decrease the uncertainty 
connected with such behavior(s). In those cases, an alternative is to refine the modeling approach 
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with the aim of achieving a more representative/realistic modeling formalism. This is the topic 
discussed in the following section (Section 6.1.2). 

 Influential OB aspects’ model complexity  

Standard schedules, simple IF-THEN models, and diversity patterns were used until this point 
to describe occupant presence and their adaptive and non-adaptive behaviors. However, there 
may be cases for which these modeling assumptions do not help decision-making, and the 
simulation user will need to look for a different, more refined modeling formalism. Section 6.1.1 
illustrated that the first action to take, once one or more OB aspects are found to be influential, 
is to review – and possibly narrow – the extreme assumptions made when applying the diversity 
patterns. When this option is also discarded, and again a decision cannot be taken, the 
simulation user is advised to refine the modeling technique that was adopted to represent 
influential OB aspects. If available, or achievable with reasonable effort, a model based on the 
building’s operational data should be used for the relevant OB aspects. In all other cases – and 
typically during the design phase, when the building is still not built – a different approach 
should be taken. While some alternatives are present, such as using synthetic population data 
(e.g. (Andrews et al. 2016)), a possible approach would be to increase the model complexity. 
Doing so would mean assuming that higher complexity OB modeling indeed yields a better 
representation of reality by reducing the approximation error (Zeigler, Kim, and Praehofer 2000). 
While it is arguable whether the currently available higher complexity models do indeed offer a 
better approximation of reality (e.g., (Tahmasebi and Mahdavi 2016)), one can assume that 
models will undergo a thorough validation and applicability process (Mahdavi and Tahmasebi 
2017) in the near future, thus increasing their trustworthiness.  
In this research, it is assumed that the higher complexity models do contribute to achieving a 
better representation of reality if compared with standard schedules or extreme diversity 
patterns. This assumption amounts to supposing that the uncertainty due to the estimation of 
unknown parameters in higher complexity models is zero. In the future, it can be expected that 
– according to the phase in the building lifecycle and to the available data –, it will be possible 
to filter out models for which the uncertainty due to estimation of unknown parameters 
outweighs the decrease in approximation error achievable by increasing the model complexity. 

 Decision-making at higher model complexity 

The FFP-OBm strategy is a tool for decision-making. It is hence important that the fit-for-



 
 

 
  

110 

purpose OB model complexity resulting from the strategy enables the most effective and efficient 
decision-making process possible. Most importantly, it should enable the simulation user to make 
a decision, more specifically the right decision. However, it may not always be possible to make 
a decision based on the results of the FFP-OBm.  
This section discusses decision-making at higher model complexity by means of an example. Let 
us say the aim of the simulation user is to choose between two design alternatives: Design A 
and Design B. As an example, the performance indicator of interest should be minimized (for 
example, energy use intensity), i.e. the lower the better. Fig. 6.1 shows a few possible scenarios. 
It is supposed that the screening method was conducted, one or more OB aspects turned out to 
be influential, and they were modeled with a higher model complexity (i.e. diversity patterns or 
higher). Doing so led to a spread of values of the PI, as opposed to a single value typically 
obtained by schedules and built-in deterministic models. In Fig. 6.1a, the boxplots representing 
the spread of PI in Design A and Design B are characterized by the same median value. However, 
the boxplot of Design B is much smaller than the one of Design A, indicating a higher robustness 
to OB. In this case, if the spread and value of PI in Design B is acceptable, the simulation user 
would opt for Design B. Instead, in Fig. 6.1b, the PI for Design A is always lower than in Design 
B, regardless of OB. Thus, the simulation user would opt for Design A without hesitation. It 
may be, however, that two designs behave as in Fig. 6.1c: while the median value of Design A 
is indeed lower than the one of Design B, the two boxplots show a strong overlap. Moreover, 
Design A appears less robust than Design B to OB, and its highest values are well above those 
of Design B.  
 

 
(a)     (b)      (c) 

Fig. 6.1: Examples of decision-making solutions under uncertainty 

Let us imagine that the simulation user is already modeling the influential OB aspects with the 
most refined model available. In this case, it is not possible for him/her to make a conclusive 
decision. The simulation user is advised to evaluate the two design alternatives on a different 
performance indicator of interest (for example, comfort indicators where energy indicators were 
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first considered). If even then it is not possible to make a decision, the simulation user can 
conclude that decision-making under uncertainty for the investigated alternatives does not lead 
to definitive outcomes.   

6.2 Overall view  

The methods presented in Chapter 4 and 5 (namely the Impact Indices Method and the Diversity 
Patterns Method including the Mann-Whitney U test), form, together with the options discussed 
in Section 6.1, the core of the fit-for-purpose occupant behavior modeling (FFP-OBm) strategy. 
In this section, the overall strategy is presented, starting with the problem at hand and ending 
with the fit-for-purpose occupant behavior model for each OB aspect. 
Fig. 6.2 is the resulting FFP-OBm strategy. The strategy is composed of a number of steps 
based on the methods presented in Chapter 4, Chapter 5 and Section 6.1. A detailed description 
of each step follows hereafter. 
 

― Start: Problem definition  
The starting point for each study must be the acknowledgement of the objectives and 
scope of the study itself. Besides building, climate and phase in lifecycle, it is important 
that the user of the strategy is aware of the purpose of the study (e.g., choice among 
alternative designs, or energy and comfort performance prediction). In turn, the 
purpose of the study commands the performance indicators (PIs) and the temporal 
granularity of the required results. A use scenario (e.g., lighting power density) must 
also be envisioned, where possible.  
 

― Step 2: Choice of building model complexity  
Once the purpose of the study is clear, the building model complexity is chosen. In 
fact, building performance related problems may be solved with a range of methods, 
spanning from rules-of-thumb, to steady-state calculations, to transient (sub-)hourly 
dynamic simulation. While it is important to highlight that the building model 
complexity should derive from the purpose of the study, a deep analysis of such a 
choice goes beyond the scope of this chapter. During this step, the user of the strategy 
must become aware of the uncertainties connected to the model, such as those in the 
thermophysical properties (Rezaee et al. 2015). If no information about the model’s 
uncertainty is available, an uncertainty analysis should be conducted. This step is 
necessary to put uncertainties related to OB into perspective.  
Supposing it is concluded that the problem should be solved by means of BPS, the 
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remaining steps of the strategy, introduced below, should be followed. 
 

Step 2
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Building
Climate
Purpose of Simulation
Use Scenario
Phase in Lifecycle

Impact Indices Method 
(based on 1x simulation run)
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Fig. 6.2: Fit-for-purpose occupant behavior modeling (FFP-OBm) strategy overview 
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― Step 3: Screening method 
This step is supposed to be a fast screening method to avoid running an unnecessary 
number of simulations, for example by formulating scenarios for OB aspects that are 
non-influential for the results. The Impact Indices Method (see Chapter 4) is used in 
the strategy to test the influence of a number of OB aspects on building heating and 
cooling energy demand. However, similar screening methods could be developed for 
different OB aspects and performance indicators, such as comfort indicators. While 
further screening methods have not been developed in this thesis, they are material for 
future research (see Section 8.3.1). In some cases, the information obtained by the 
screening method could be sufficient for decision-making; the simulation user would 
then be directed to the end and the lowest OB model complexity would be identified 
as fit-for-purpose. Instead, if the simulation user is not able to make a decision based 
on the screening method’s results, he/she is directed towards the next step. 
 

― Step 4: Definition of diversity patterns  
In this step, the diversity patterns are defined. Applying diversity patterns to a building 
model equates to testing the possible sensitivity of the results to a particular aspect of 
OB. This step is highly relevant as the sensitivity of the results to the various aspects 
of OB will be strictly related to the assumptions made here. The diversity patterns are 
(high/low) possible variations of uncertain aspects of OB, and are implemented by 
means of schedules or other built-in deterministic software assumptions. The reason 
behind formulating such diversity patterns is to perform preliminary testing on the 
influence of different aspects of OB on a performance indicator. All possible 
combinations of the diversity patterns are to be investigated (see Section 5.2). The 
patterns cause results to move from single values to a range of values (in case the 
selected PI is sensitive to the modeled aspects of OB). The range is strictly dependent 
on the assumptions made while defining the diversity patterns, which should be realistic 
and possibly agreed upon with all involved parties. 
Once the simulations are run and the results are processed, the simulation user can 
assess whether the given range allows him/her to make a decision, or whether further 
investigation is needed to check if refining the modeling technique might help decision-
making.  
 

― Step 5: Identification of influential OB aspects 
In case a decision cannot be made based on the initial range of the results due to the 
patterns, for the flowchart iteration n = 0, a refined sensitivity analysis takes place to 
identify the decidedly influential aspects of OB. This step is a further refinement of 
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the results obtained with the Impact Indices Method, and it allows relevance to be 
ascribed only to the aspects that truly affect the results for a specific case. As presented 
in Chapter 5, this sensitivity analysis is achieved by means of the statistical Mann-
Whitney U test (Gaetani, Hoes, and Hensen 2016b). This nonparametric test is used 
to assess whether two independent groups are significantly different from each other. 
Here, the two groups are characterized by all scenarios with the same pattern for an 
uncertain aspect of OB. For example, all scenarios formulated in Step 4 characterized 
by “low” occupant presence are compared to those characterized by “high” occupant 
presence. The aim of the sensitivity analysis is to ultimately assess which aspects of 
OB are responsible for the spread in the results so that more attention can be drawn 
to modeling such aspects.  
 

― Step 6: Epistemic uncertainty reduction 
Once the influential aspects are identified, the user must check whether their 
uncertainty can be reduced, i.e. whether more realistic patterns can be formulated (see 
Section 6.1.1 for more details). If the epistemic uncertainty can be reduced, the 
diversity patterns are updated with the new information and simulations are run again.  
 

― Step 7: Check on possible model complexities c 
If the uncertainty of the influential aspects cannot be reduced, the next step is to check 
whether the modeling formalism can be refined (see Section 6.1.2). This check is reliant 
on an OB modeling database that should be integrated in the software, and where 
possible modeling complexities should be filtered out according to the case under 
investigation (e.g., in the conceptual design phase it should not be possible to 
implement an agent-based model, as the uncertainty due to estimation of input 
parameters would be too high). The models within the database are also filtered out 
according to the uncertainty analysis that was conducted in Step 2. For example, if 
the purpose of the simulation is a design decision among alternatives, and the decided 
parameter uncertainty is higher than the scenario uncertainty due to OB, there is no 
sense in increasing the model complexity. 
 

― Step 8: Increasing complexity  
If a different model complexity can be used, the simulations are run again with the 
higher complexity models for the influential OB aspects (cn+1). If not, the user is led to 
the end. In this case, the fit-for-purpose model complexity (cFFP) is the previous one, 
i.e. the diversity patterns. OB modeling does not help the user to make a conclusive 
decision. It is important to note that the levels of complexity reported in Fig. 6.2 are 
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a simplification; in reality, a category (e.g., stochastic models) can be characterized by 
different complexities according to the model’s size and resolution. 
 

― Step 9: Decision-making 
As for the second and further iterations, if the user is still unable to make a decision, 
the strategy will evaluate if the current run led to the same decision if compared to 
the previous. If not, it might be necessary to increase complexity for the influential OB 
aspects again, otherwise the user is led to the end via the box “increasing complexity 
does not help decision-making”.  
 

― END: Fit-for-purpose occupant behavior model complexity 
The user is led to the end in the following cases: i) a decision could be taken; ii) 
increasing model complexity does not help decision-making; and iii) influential OB 
aspects modeling formalism/complexity cannot be changed. In the second and third 
cases, the user may have to evaluate other performance indicators, change design to 
achieve the desired results, or limit the freedom of occupants concerning influential OB 
aspects. In fact, in cases ii and iii, the problem does not concern OB model complexity, 
or no alternative OB modeling formalism is available.  

 
Section 6.3 provides a demonstration of the steps mentioned above by means of a simple, virtual 
case study for illustration purposes.  

6.3 Virtual experiment to demonstrate the fit-for-purpose 
approach 

 Problem definition 

6.3.1.1 Building 

Four virtual office buildings are used as a case study. The four buildings are cubicles with 
dimensions of 5 x 5 x 3 m3, they are characterized by different window-to-wall ratios (WWR) 
and different wall constructions for the southern façade facing the outdoor environment (see Fig. 
6.3 and Table 6.1). Floor, ceiling, and all facades but the southern one are assumed to be 
adiabatic, as if the cubicle was surrounded by other spaces in thermal equilibrium with it. 
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Fig. 6.3: Impression of the investigated building variants 

Table 6.1: Case study buildings 

Case 1 Case 2 Case 3 Case 4
WWR = 40% x x
WWR = 80% x x

LOW TI x x
HIGH TI x x

 
The wall construction named low thermal insulation (LOW TI) has wall R-value 1.3 m2K/W, 
window U-value 3 W/m2K, g-value 0.73 and visible transmittance 0.75. The wall construction 
named high thermal insulation (HIGH TI) has wall R-value 4 m2K/W, window U-value 1.1 
W/m2K, g-value 0.29, and visible transmittance 0.48. The heating, ventilation and air-
conditioning (HVAC) system is supposed to be ideal, but was capped in size following 
preliminary simulation runs. 

6.3.1.2 Climate 

The virtual office buildings are located in Amsterdam, the Netherlands. 

6.3.1.3 Use scenario 

The use scenario for lights and equipment is assumed to be the ASHRAE default 10.76 W/m2. 
In the base-case scenario, the daily schedules for occupant presence, light use and equipment 
use are assumed to be standard ASHRAE (ASHRAE 2013). Heating and cooling are provided 
by means of an ideal system, which keeps the indoor temperature within the setpoint limits (Tsp, 

heating = 21°C and Tsp, cooling = 24°C) between 7 am and 10 pm during weekdays, and between 7 
am and 6 pm on Saturdays. During the remaining hours, temperature setbacks are set as 15.6°C 
and 26.7°C for the heating and cooling season, respectively.  

Case 1

S

Case 2 Case 3 Case 4
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6.3.1.4 Purpose of the simulation and performance indicators  

The purpose of the simulation is to identify the best performing shading strategy for the four 
offices among: i) no shading, ii) fixed overhang (0.5 m depth), and iii) manual shading device. 
In this example, the yearly energy for cooling and for heating is the performance indicator to be 
optimized.  

6.3.1.5 Phase in the building lifecycle 

 
This design question may typically concern a rather advanced stage of the design process. No 
real data or information is available as this is a virtual experiment.   

 Results and discussion 

― Step 2: Choice of building model complexity  
It was decided to answer the problem by means of dynamic simulation as the design 
question is typical of a rather advanced stage of the building design. The four building 
variants were modeled using the software EnergyPlus version 8.7. 
To become familiar with the uncertainties connected to the model, a preliminary 
uncertainty analysis on the decided parameters was conducted considering the 
uncertainty due to thermophysical properties’ variations as given in (Hopfe 2009) and 
reported in Appendix G: Thermophysical properties variations considered for the 
uncertainty analysis in Chapter 6. The distribution assigned is a normal distribution. 
The Latin hypercube sampling (LHS) method was used to generate a near-random 
sample of 200 building variants derived from a multidimensional distribution of 
thermophysical parameter values.  
First, the three shading options were investigated for the four building variants in a 
traditional fashion. As for blind operation, the shading devices were modeled with the 
function OffNightAndOnDayIfCoolingAndHighSolarOnWindow integrated in 
EnergyPlus. This choice was dictated by the findings of (O’Brien et al. 2016), where 
the majority of survey respondents stated that thermal and radiation considerations 
motivated their modeling strategy for blind operation. It is important to note that 
modeling the blind operation in such a manner does not actually represent manually 
operated blinds, but it is indeed a typical manner to do so in practice. Fig. 6.4 shows 
the impact of the two shading strategies on the four investigated buildings. It can be 
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noted that, as expected, the shading strategies were much more effective in limiting 
the cooling energy in the two variants characterized by poor thermal insulation and 
high U-value, g-value and visible transmittance (Case 1 and Case 2). In Cases 1 and 2, 
the designer would be inclined to choose to apply blinds, as they seem to have been be 
the most efficient strategy. Instead, a decision cannot be made as easily for Cases 3 
and 4, where all solutions performed very similarly. 

 
Fig. 6.4: Energy demand for cooling and heating of the four investigated offices with changing shading 

strategy; state-of-the-art OB modeling (lowest complexity) 

As a next step, the influence of the uncertainty of the decided parameter was 
investigated for all variants (Fig. 6.5).  

 

Fig. 6.5: Influence of the uncertainty of thermophysical properties on the energy demand for cooling and 
heating 
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Generally speaking, it was evident that the uncertainty of the thermophysical 
properties was especially pronounced in poorly performing buildings (Case 1 and Case 
2). For both Case 1 and Case 2 the preferred shading strategy remained manual blinds, 
while for Case 3 and Case 4 all solutions again showed a similar performance. 
 

― Step 3: Screening method 
The Impact Indices screening Method presented in Chapter 4 was applied to the current 
case study to quickly evaluate whether some aspects of OB are non-influential for the 
results. The hypothesis is that if some OB aspects are identified as non-influential, they 
can be modeled with the simplest model complexity. This operation was performed 
solely with respect to cooling energy, which covers the largest share of the demand, as 
illustrated in Fig. 6.4. 
Fig. 6.6 shows the impact indices for occupant presence, light use, equipment use and 
blind operation (cooling energy). The results for blind operation are represented with 
a dotted line in the Base and Overhang cases as these solutions do not actually include 
shading systems. 
 

 

Fig. 6.6: Impact indices for occupant presence, light use, equipment use and blind operation of the four 
investigated offices with changing shading strategy 

Fig. 6.7 shows the impact indices for temperature setpoint setting on cooling energy. 
The impact indices for temperature setpoint setting are also shown separately because 
of the different nature of the indices themselves (see Chapter 4). 
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Fig. 6.7: Impact indices for temperature setpoint setting (II, Tsp) of the four investigated offices with 
changing shading strategy 

To put the results concerning the II, Tsp into context, Fig. 6.8 shows an OAT 
sensitivity study that correlates the impact indices with the effects of increasing or 
decreasing the cooling setpoint by 2 degrees Celsius. 
 

 

Fig. 6.8: II reliability test: comparison between II Tsp values and OAT sensitivity analysis results for the 
impact of increasing/decreasing the cooling setpoint by 2 degrees Celsius  

Generally speaking, Fig. 6.6 highlights how the three investigated shading options in 
Case 3 and Case 4 (the building variants with high thermal insulation) were similarly 
influenced by OB, apart from the influence of blind operation, which of course was 
only present in the solutions with blinds. Alternatively, Case 1 and Case 2 (the building 
variants with low thermal insulation) present a marked difference between the potential 
influence of OB on Base and Overhang case, and the potential influence of OB on the 
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solution with blinds. Both in Case 1 and Case 2, the solution with manual blinds seems 
less robust to OB. In line with expectations, all variants with higher window U-value 
and g-value (Case 1 and Case 2) showed a higher potential influence of blind operation 
compared with variants with lower window U-value and g-value (Case 3 and Case 4). 
Fig. 6.8 shows a strong correlation between temperature setpoint impact indices and 
OAT sensitivity analysis, which confirms the significance of the II for temperature 
setpoint setting.  
As far as influential and non-influential aspects, the only seemingly non-influential 
aspect was occupant presence, which may nevertheless be taken into consideration as 
a trigger for OB. Light use and equipment use are generally identified as influential. 
All OB aspects for the four analyzed cases are therefore taken to the next step (Step 
4).   
 

― Step 4: Definition of diversity patterns  
No information is available about possible OB characteristics, therefore the diversity 
patterns to test the potential influence of OB are standard and defined as in Table 6.2. 
It is important to note that the diversity patterns defined in Table 6.2 should be agreed 
upon with all interested parties. Ideally, the agreed diversity patterns should represent 
(high/low) possible variations of uncertain aspects of OB. In this illustration, for 
example, there is a decisive difference among the patterns developed for equipment use 
(where the original schedule is simply modulated) and the patterns developed for light 
use (where the introduction of daylight control resembles a design choice). The patterns 
proposed for light use are therefore more extreme than those proposed for equipment 
use. Moreover, Pattern A for blind operation assumes that the blinds are not operated 
at all and are always left in open position. This assumption is in line with findings from 
(O’Brien et al. 2016) but may nevertheless be considered extreme. Moreover, the 
assumption of keeping the blinds open at all times corresponds as a matter of fact with 
the shading strategy “no shading”. It is thus expected that the distribution 
corresponding to the shading strategy “manual shading device” will enclose the 
distribution corresponding to “no shading”. These choices are very important as they 
influence the final outcome of the analysis. All pattern combinations resulted in a total 
of 26 = 64 – 16 (Tsp,heating > Tsp,cooling) = 48 combinations when blinds are present, and 
24 otherwise.  
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Table 6.2: OB diversity patterns (adapted  from (Lin and Hong 2013)) 

Pattern A Pattern B
Occupant Presence Mon-Fri 10-12 am 

and 1-4 pm 
Mon-Fri 8-12 am and 

1-6 pm 
Equipment Use 90% when occupied; 

30% when non-
occupied 

100% when present; 
60% before arrival 
and after departure 

Light Use ON when occupied; 
daylight control 

ON when occupied + 
lunchbreak; no 

daylighting control 
Tsp, heating 18°C 23°C
Tsp, cooling 22°C 26°C

Blind Operation Always open Close if high solar on 
window 

 
Simulations were run and the results are shown in Fig. 6.9. Fig. 6.9 shows how 
considering the potential influence of OB generally led to greater uncertainty than 
decided parameter uncertainty. In particular, it is now not evident which shading 
strategy should be chosen for all cases. For example, in Case 1 the solutions with 
overhang and manual blinds have the same median value for cooling plus heating 
energy (ca. 60 kWh/m2y), but the solution with overhang presents a much smaller 
uncertainty and it is hence more robust to OB. It would therefore seem reasonable to 
choose the solution with overhang. For Case 3 and Case 4 an investigation of the 
potential influence of OB did not lead to greater insights into the performance of the 
buildings. Instead, there seems to be potential for the application of blinds in Case 2. 
As a decision could not be made using the results, Case 2 was selected to test the 
remaining steps of the FFP-OBm strategy. 
 

 

Fig. 6.9: Influence of OB on energy demand for cooling. 
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― Step 5: Identification of influential OB aspects 
In the first flowchart iteration, the sensitivity analysis by means of Mann-Whitney U 
test is used to identify the influential OB aspects. The influence of various aspects of 
OB is verified only for cooling energy as it covers the vast majority of the demand. 
The results of the sensitivity analysis for the three shading strategies are reported in 
Fig. 6.10. An aspect of OB is considered influential if the p-value < 0.05. 
The Mann-Whitney U test shows that all shading solutions are influenced by lighting 
switch on/off behavior and by the cooling temperature setpoint. The solution with 
manual blinds is significantly dependent on the operation of the blinds. It is worth 
noting that equipment use, which scored higher than light use in the initial impact 
indices screening, does not turn out as influential in this analysis. This is because of 
the assumptions made for the patterns, as highlighted at Step 4. 
 

 

Fig. 6.10: Mann-Whitney U test results: 1 - p-value. Darker bars represent influential behaviors 

― Step 6: Epistemic uncertainty reduction 
As the virtual buildings are supposed to be in the design stage, it can be assumed that 
it is not possible to reduce the epistemic uncertainty of the influential OB aspects in 
any way. Therefore, the simulation user would proceed to the next step of the strategy; 
namely, to assess available modeling complexities. 
 

― Step 7: Assessment of available model complexities c  

This step implies checking whether a better representation of the influential aspects of 
OB exists. In other words, whether a model derived by operational data or higher 
complexity models are available. It is important to reiterate that the assumption that 
higher complexity models lead to more realistic results is to date not verified. However, 
it can be presumed that the database of OB models coupled with the strategy 
introduced here will, in the near future, only include validated models, whose validity 
range is well defined and specified.   
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― Step 8: Increasing complexity  

For the purpose of this study, the discrete-time Markov model proposed by Haldi and 
Robinson (Haldi and Robinson 2010) was used to mimic the manual operation of the 
blinds. The discrete-event Markov model Lightswitch-2002 (Reinhart 2004) was used 
to predict the light switch on/off behavior. The models are fitted as a logistic function, 
so that the probability P that the blinds or lights at time step t are in state S is equal 
to: 

,
1

1 ∑ , (6.1)

  

where  are the parameters of the model and x are the predictors. The models were 
implemented in EnergyPlus version 8.3 using the Energy Management System (EMS) 
as in (Gunay, O’Brien, and Beausoleil-Morrison 2016). 
 

― Step 9: Decision-making 
Fig. 6.11 shows the results of applying a higher complexity model for light use in Case 
2, NoShading and Overhang, and a higher complexity model for lighting and blind use 
in Case 2, Blinds. Assuming that the results of the higher complexity models are more 
representative than the OB patterns (e.g., it is never the case that people simply do 
not operate the blinds and leave them always open), the decision-maker can finally 
choose to apply blinds as the most efficient shading strategy for Case 2 (see Fig. 6.11). 
 

 
Fig. 6.11: Effects of increasing model complexity for light and blind operation 
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― End: Fit-for-purpose occupant behavior model complexity 
The strategy enabled the identification of the fit-for-purpose model complexity for the 
4 investigated cases. In particular, in two cases (Case 3 and Case 4) the FFP-OBm 
strategy allowed us to quickly determine that increasing model complexity of OB would 
be useless. For these two cases (Case 3 and Case 4), the FFP-OBm complexity was the 
lowest, and therefore used simple schedules and built-in controls. In Case 1, applying 
an overhang is deemed to be a more robust and equally efficient shading strategy 
compared to manual blinds. For Case 1, the FFP-OBm complexity was the diversity 
patterns for all OB aspects except for occupant presence, for which simple schedules 
sufficed.  
In Case 2 the potential of manual blinds was identified and confirmed by a more 
complex OB modeling formalism. The FFP-OBm complexity for light use and blind 
operation (and, ideally, cooling temperature setpoint setting) use was identified as 
stochastic models.  

6.4 Discussion and concluding remarks 

Chapter 6 aimed at i) presenting the remaining aspects of the FFP-OBm strategy that were not 
illustrated in previous chapters (Section 6.1); ii) providing an overall view of the FFP-OBm 
strategy in terms of operational flowchart (Section 6.2); and iii) demonstrating each step of the 
FFP-OBm strategy by means of a simple, virtual case study (Section 6.3).  
In particular, Section 6.1 illustrated the two options following the identification of influential 
OB aspects by means of the highest-level sensitivity analysis (Mann-Whitney U test): namely 
reducing the epistemic uncertainty of the influential OB aspect(s), and changing the model 
complexity. Moreover, the criteria that enable decision-making at a higher complexity level are 
presented.  
The overall flowchart presented in Section 6.2 is divided into 6 categories: start, Impact Indices 
Method, Diversity Patterns Method, Mann-Whitney U test application, dealing with influential 
OB aspects, and end. The essential prerequisites to start a well-posed problem were identified, 
as well as the expected end results. The numerous decisions within the flowchart can easily be 
automated, should this method become mainstream. The method is partly based on scenarios 
(typically, in the Diversity Patterns Method part), therefore the robustness of the method to the 
assumptions should be assessed (see for example Section 7.1.4).  
Section 6.3 successfully illustrated how the presented method is far from being theoretical, but 
it can instead be readily applied in simulation-aided design processes. Four variants of a single-
occupant office building were studied to apply the method on a range of different buildings. 
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Indeed, decision-making concerning the best performing shading strategy was possible for all 
four variants. Case 1 (smaller windows, leakier envelope) was best performing with an overhang, 
which showed similar median value of cooling energy demand to manual blinds, but was more 
robust to OB. Case 2 turned out to be best performing if manual shades were applied, while this 
choice did not really affect the cooling energy demand of Case 3 and Case 4 (higher thermal 
insulation of envelope and glazing). The method identified the FFP-OBm complexity for various 
OB aspects in all cases. In particular, all cases but Case 3 and Case 4 turned out to have a 
different FFP-OBm complexity. This result underlines the importance of the method and 
challenges the application tout court of higher complexity models. It is important to note that 
only an energy-related PI was considered in this study as an example. In reality, a thorough 
assessment of different shading alternatives must necessarily include also comfort indicators. 
The proposed FFP-OBm strategy is developed as an attempt to support the simulation user 
who is interested in appropriately representing OB in BPS. The strategy has high potential to 
be fully automated and become embedded in BPS tools, possibly not requiring any effort or 
additional expertise from the simulation user.  
The proposed strategy is a step towards achieving fit-for-purpose modeling of OB in BPS. The 
validity of the strategy is subjected to the validity of the models which are included in the 
database.  
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7 Applications 

I do not have data. It is a capital mistake to theorize before one has data. Insensibly one 
begins to twist facts to suit theories, instead of theories to suit facts. 

 
Sir Arthur Conan Doyle, Sherlock Holmes 

 

 

 

 

 
 
This chapter focuses on applications of the fit-for-purpose approach to actual case studies, with the aim of 
testing the usability of the proposed strategy. Moreover, building energy data of existing buildings allow for 
an evaluation of the physical correctness of the FFP-OBm strategy outcomes. The case studies are explored 
for different phases of the building lifecycle. First (Section 7.1), the benefits of considering OB modeling 
during the R&D process of an innovative shading system are assessed. Then (Section 7.2), a double-blind 
study on a university building is presented. Thirdly (Section 7.3), the II Method is applied to energy 
performance contracting (EPC). Section 7.4 concludes the chapter with some reflections on the presented 
results.  
 
NB: The content of this chapter is partly inspired by a conference paper submitted to BS2019 under the 
title Isabella Gaetani, Remco van Woensel, Pieter-Jan Hoes, Jan L.M. Hensen, 2019, Occupant behavior 
modelling to support the development of adaptive facade control strategies (Section 7.1) and by an original 
research journal paper in preparation under the title Isabella Gaetani, Farhang Tahmasebi, Pieter-Jan Hoes, 
Ardeshir Mahdavi, Jan L.M. Hensen, 2019, A real-life application of the fit-for-purpose occupant behavior 
modeling framework (Section 7.2) 
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7.1 Product development and performance assessment (R&D 
phase) 

The first application case study presented in this chapter concerns the R&D of an innovative, 
adaptive solar shading element.  
Adaptive façade elements traditionally adapt to their surrounding environment. However, to 
fully exploit the potential of adaptive architecture, it is advisable that these adaptive elements 
also react to occupant presence (Cole and Brown 2009). In this way, it would be possible to 
optimize the building operation towards comfort when people are present and towards energy 
use minimization when people are absent.  
BPS tools have strong potential to be used to support the development of innovative, adaptive 
solar shading systems (Loonen et al. 2017). The advantages of already using such tools in the 
R&D phase are: i) virtual rapid prototyping to evaluate different future-oriented 
systems/materials and identifying promising alternatives for further refinement and product 
development; ii) exploration of high-potential control strategies that maximize the performance 
of adaptive building envelopes during operation; iii) virtual testing of the robustness of adaptive 
façade systems to changing boundary conditions (Loonen et al. 2017). 
Meanwhile, the assumptions made in the BPS model are determinants of the outcome of the 
simulation. For this reason, it is essential that the assumptions are as conscious and informed 
as possible. For example, if a simulation user is interested in supporting the R&D of adaptive 
façade elements that also react to occupant presence, an appropriate representation of occupant 
presence is critical. However, no currently available method supports the choice of OB models 
during the R&D of adaptive façade elements.  
This case study applies the FFP-OBm strategy to adaptive façade elements currently under 
development by industrial partners. 
In the following sections, the fit-for-purpose occupant presence model complexity is investigated 
for the application to R&D of adaptive façade elements.  

 Problem definition 

Purpose 
The aim of this case study was to evaluate six shading system control strategies in order to: i) 
assess which control strategy delivers the best building performance; ii) evaluate the performance 
of the best shading strategy. A variety of performance indicators (PIs) are considered, related 
to both the energy and the comfort performance of the shading system. The selected PIs are:  
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 Annual primary energy demand; considered as a sum of heating, cooling 

and lighting energy demand [kWh/m2], taking into account the conversion 
factors reported in Table 7.1. 

Table 7.1: Conversion factors site energy to primary energy 

 Conversion 
factor 

Ref. 

COP 3.00 (van der Aa 2012; Beck et al. 2010) 
ηheating 0.95 (Beck et al. 2010) 
ηcooling 0.70 (Beck et al. 2010; van der Aa 2012) 
ηelectrical 0.39 (Beck et al. 2010; van der Aa 2012) 

 
 Daylight Autonomy (DA); calculated in two reference points (see Fig. 7.1) 

and expressed in occupied time fraction when the indoor illuminance is > 500 
lux (Walkenhorst et al. 2002); 
 

 

Fig. 7.1: Sensor points for lighting model 

 Daylight Glare Index (DGI); calculated according to (Hopkinson 1972) and 
expressed in occupied time fraction when DGI > 31, corresponding to 
intolerable glare. The DGI is calculated for three viewpoints, namely “Facing 
Window”, “Facing Corner” and “Facing Wall” (see Fig. 7.2). 
 

2 1
1

2



 
 

 
  

130 

 

Fig. 7.2: Sensor point and viewpoints for the calculation of DGI 

While the author is aware of the debate concerning the appropriateness of the visual comfort 
PIs (Reinhart, Mardaljevic, and Rogers 2006; Wienold 2009; Wienold and Christoffersen 2006, 
Wienold et al. 2019), the reported PIs are considered to be established metrics.  
 
Shading strategies characteristics 
All strategies were applied to an automated solar shading system developed by industrial 
partners. The system is an internal roller blind with a metalized fabric, whose thermal properties 
are reported in Table 7.2. 

Table 7.2: Thermal properties of the roller blind 

Thickness 
[m] 

Thermal 
conductivity 

[W/mK] 

Sol. 
Trans. 

Sol. 
Refl. 

Vis. Trans. Vis. Refl. 

0.0004 0.2 0.078 0.648 0.077 0.632 

 
The six evaluated control strategies correspond to state-of-the-art controls or controls that are 
under development by the company. The strategies are described below. 
 

 Strategy 1 two positions available (fully up or fully down); irradiance sensor on 
the roof; lowering threshold 300 W/m2; 

 Strategy 2 two positions available (fully up or fully down); irradiance sensor on 
the façade; lowering threshold 200 W/m2; 

 Strategy 3 two positions available (fully up or lowered to eye height); irradiance 
sensor on the façade; lowering threshold 200 W/m2; 

 Strategy 4 twenty positions available (full height discretized in 20 identical parts); 
sun-tracking feature to avoid direct sunlight; 
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 Strategy 5 same as Strategy 4 but includes an energy mode (see Table 7.3) when 
occupants are absent; 

Table 7.3: Shades control in energy mode 

 Heat gain through façade Heat loss through façade 
Heating demand Shades Up Shades Down 
Cooling demand Shades Down Shades Up 

 
 Strategy 6 same as Strategy 5 but includes overcast sky feature, whereby if the 

room is occupied and the vertical solar irradiance on the façade is below 120 W/m2, 
the shades are fully raised. 

 

A graphical representation of the six shading strategies is given in Fig. 7.3. 
Two additional strategies, namely “fully up” and “fully down” were added to the analysis for 
the sake of benchmarking.  

 
Fig. 7.3: Graphical representation of the six considered shading strategies 

Building characteristics 
A two-occupant cubicle office building with dimensions of 4.5 x 6 x 3 m3 (see Fig. 7.4) was 
considered to evaluate the performance of the shading strategies within a building application. 
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The building is a modified version of the reference office proposed by Task 56 of the Solar 
Heating and Cooling Program of the International Energy Agency (Antoni et al. 2018).  
The cubicle was assumed to be surrounded by similar offices in thermal equilibrium with it, 
hence all surfaces but the wall facing outside were assumed to be adiabatic. A large non-operable 
window was located on the external wall. The thermo-physical properties of the building follow 
the references of Task 56 (Antoni et al. 2018), and are reported in Appendix H: Thermophysical 
properties of the Task 56 reference building. 
 

 

Fig. 7.4: The cubicle office 

 
Climate 
The office is located in Amsterdam, The Netherlands.  
 
Use scenario  
The light power density was set to 10.9 W/m2. The heat emitted by lights was assumed to be 
13% radiant. The lights were dimmed according to illuminance levels and occupant presence (all 
lights are off if nobody is present). The power density of appliances was set to 7 W/m2 with 
30% radiant heat. The reference schedule for occupant presence is given in Fig. 7.5, while the 
reference schedule for equipment use followed the ASHRAE standard (ASHRAE 2013). 
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Fig. 7.5: Reference schedule for presence 

An ideal load air system was used to keep the indoor temperature between 21°C (heating 
setpoint) and 25°C (cooling setpoint). During weekends only, the setpoints were changed to 
setback temperatures of 18°C and 28°C, respectively.  

 Choice of building model complexity and preliminary results 

The building was modeled in EnergyPlus version 8.7. The solar shading control strategies were 
implemented by means of the Energy Management System (EMS) feature of EnergyPlus (please 
refer to Appendix I: EMS code for modeling the innovative solar shading controls investigated 
in Section 7.1 to access the EMS code). While the author is aware that other available software 
may be more specifically tailored for daylight analysis (e.g., Radiance (Larson and Shakespeare 
1998)), this choice was made in light of the recent improvements to EnergyPlus in terms on 
illuminance and glare calculations (EnergyPlus 2019), and to simplify the case study. Because 
of the complexity of the strategies and the necessity to use advanced features of EnergyPlus, 
the results of a preliminary evaluation run are reported below. An analysis of such preliminary 
results serves to check that all strategies are behaving as expected and to allow troubleshooting 
when necessary.  
 
Annual primary energy demand  
Fig. 7.6 shows the strategies’ energy performance when standard assumptions about occupant 
presence are made.  
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Fig. 7.6: Energy performance of the six strategies with standard occupant presence schedules 

The heating energy demand was hardly affected by the strategy, with a discrepancy of 2.6 
kWh/m2y between the highest (S2) and lowest (S1) demand among the strategies. This result 
is in line with the fact that heating energy demand was the lowest contributor to primary energy 
demand. More pronounced differences could be seen in the cooling demand, where the maximum 
discrepancy among strategies rose to 10.1 kWh/m2y (S6 had the lowest demand, while S4 had 
the highest). The biggest difference among strategies was to be found in the lighting energy 
demand: 11.5 kWh/m2y (demand of S4,5 – S3). It is worth noting the effect of implementing 
“Energy Mode”, which reduced the cooling energy demand from 53.3 to 43.8 kWh/m2y in S4 
and S5, respectively. The “Overcast Sky” feature resulted in a reduction of lighting energy 
demand of 10.7 kWh/m2y from S5 to S6. Overall, it seems that the strategies worked as intended. 
The best-performing strategy in terms of energy was S6, while the worst-performing strategy 
was S4. S4 demanded circa 27% more primary energy than S6.    
 
Daylight autonomy 
Fig. 7.7 shows the strategies’ daylight autonomy performance when standard assumptions about 
occupant presence were made. S4 and S5 delivered the same performance, as expected, because 
the difference among the two strategies concerned only the unoccupied hours. The benefit of the 
“Overcast Sky” feature is evident when comparing the performance of S6 with S4 and S5. Out 
of all strategies, S3 guaranteed the best DA (87% of occupied hours > 500 lux), followed by S6 
(81% of occupied hours > 500 lux), while S4 and S5 only guaranteed an illuminance of 500 lux 
in 63% of the occupied hours. 
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Fig. 7.7: Daylight autonomy performance of the six strategies with standard occupant presence schedules 

Daylight Glare Index 
The glare performance of the various strategies with standard assumptions about occupant 
presence are shown in Fig. 7.8 for three different viewpoints.  
As expected, the viewpoint “Facing Window” was characterized by the highest glare, followed 
by “Facing Corner” and, lastly, “Facing Wall”. Whether the amount of glare indicated by the 
software is acceptable or not will therefore depend on the envisioned layout of the office. The 
benchmark option “Always Open” delivered the worst performance, leading to about 40% of 
occupied hours with intolerable glare when facing the window. This value decreased to ca. 13% 
when the occupant faces the wall instead. According to this PI, the options “Always Closed”, 
S4 and S5 were completely glare-free. This result was expected as the mentioned strategies were 
purposively developed to avoid glare. In contrast, S6 was characterized by a low amount of 
intolerable glare, indicating that the sky illuminance may also be enough to cause glare when 
the sky is overcast. Overall, S1 led to the worst performance with about 25% hours of intolerable 
glare while facing the window, while S4 and S5 were the best-performing.  
In the following sections, it is investigated whether these results were presence-sensitive, and if 
higher model complexity is needed to reach reliable conclusions.  
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Fig. 7.8: DGI performance of the six strategies with standard occupant presence schedules 

 Impact Indices Method 

Due to the nature of the selected PIs (annual primary energy demand, DA and DGI), the Impact 
Indices Method was not deemed suitable to achieve the objectives stated in Section 7.1.1, as it 
currently covers only heating and cooling energy use. For this reason, this step of the strategy 
was bypassed and the user is directly referred to the Diversity Patterns Method. 

 Diversity Patterns Method 

As mentioned in the introduction to Section 7.1, the fit-for-purpose complexity of occupant 
presence modeling is at the heart of the investigation. Therefore, diversity patterns were defined 
only for occupant presence. The operation of the shading devices was automated by means of 
the strategies, hence it does not require the formulation of diversity patterns. Likewise, the 
lighting system was assumed to be automatic, and the HVAC system is centrally controlled. 
The use of equipment was, together with presence, the only type of behavior that was left to 
the occupants’ discretion in this case study. However, this case study focused on presence 
modeling to narrow the scope.  
The developed diversity patterns are shown in Fig. 7.9. In particular, they correspond to a rather 
rigid work environment where people have a maximum deviation of ± 2 h from the reference 
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schedule. In order to evaluate the robustness of the diversity patterns, two possible 
combinations, named Option 1 and Option 2, were developed. In Option 1, the occupants arrived 
one hour sooner or later than the reference and left one hour sooner or later. Alternatively, in 
Option 2, the highly present workers worked through lunchbreak and stayed one hour longer in 
the evening, while the workers spending least time in the office took a three-hour lunchbreak. 
These two options were developed to assess the impact of considering hours characterized by 
different illuminance levels. 

 

 

Fig. 7.9: Two options of diversity patterns for presence: Option 1 (left) and Option 2 (right) 

Once the diversity patterns are developed, the simulations are run and the results are processed.  
 
Annual primary energy demand  
Fig. 7.10 shows the effect of applying the diversity patterns on the annual primary energy 
demand. The results show how the robustness to occupant presence varied significantly across 
strategies. In particular, the benchmarking option “Always Closed” showed the highest 
sensitivity to presence, while the option “Always Open” had the most robust performance. This 
effect is largely imputable to the energy demand for lighting, which in the “Always Closed” case 
depended solely on presence, while it was significantly influenced by available daylight in the 
“Always Open” case. The increased effect of presence on S5 and S6 (which included the “Energy 
Mode” feature when occupants are absent) was somewhat visible. Fig. 7.10 also shows the 
importance of the defined diversity patterns. A change of occupant presence during the first and 
last hours had a stronger effect than during the mid-hours of the day. Generally, the effect of 
presence on the strategies’ energy performance was visible in all cases. Whether such an effect 
is acceptable or a higher model complexity is required will be up to the decision-maker (see 
Section 7.1.5). 
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Fig. 7.10: Effect of Diversity patterns on the annual primary energy demand. Option 1 (left) and Option 2 
(right) 

Daylight autonomy 
Fig. 7.11 shows the effect of applying the diversity patterns on the daylight autonomy. The 
results showed a similar robustness to occupant presence across strategies. In this case a change 
of occupant presence during the first and last hours also had a stronger effect than during the 
mid-hours of the day. In fact, the PI was very robust to the mid-hours diversity patterns. This 
effect can be explained given the southern orientation of the large window: the differences in 
natural daylight, especially when a threshold of 500 lux is considered, are expected to be stronger 
during the first and last hours of the day, rather than during the central hours.  
 

  
 

Fig. 7.11: Effect of Diversity patterns on the daylight autonomy. Option 1 (left) and Option 2 (right) 

It is also interesting to consider the distribution of results in relation to the standard model 
results. When Option 1 is implemented, the median value of the distribution is in line with the 
results obtained with the standard model. Conversely, when Option 2 is implemented, the 
median value of the distribution falls below the standard model in all cases. This result can be 
explained as, in Option 2, the occupants are present during hours with reduced DA in both 
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patterns. In Pattern A the occupants stay one hour longer in the evening, while in Pattern B 
they take a three-hour lunchbreak, which coincides with the hours of highest DA.  
The effect of occupant presence on decision-making is considered in Section 7.1.5. 
 
Daylight Glare Index 
Fig. 7.12 shows the effect of applying the diversity patterns on the glare performance of the six 
strategies. The results showed a diverse robustness to occupant presence across strategies. In 
particular, the most sensitive options were the benchmark “Always Open” and S1, S2, S3. The 
option “Always Closed” and the solutions with sun-tracking (S4, S5 and S6) guaranteed the 
lowest number of occupied hours characterized by intolerable glare and were robust to occupant 
presence. The behavior of the median value in respect to the standard model is similar as 
observed for the DA indicator. 

 

 
 

 

Fig. 7.12: Effect of diversity patterns on the glare performance. Option 1 (above) and Option 2 (below) 
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 Decision-making 

Assessing which control strategy delivers the best building performance  
Despite the different sensitivity across strategies to occupant presence, especially pronounced 
for annual primary energy demand and glare performance, it was possible to make a decision 
concerning the best-performing strategy in all cases. In particular, the ranking of strategies from 
best to worst performance (see Fig. 7.13) was unaffected by the application of diversity patterns. 
For this reason, it is advised not to increase the level of complexity for occupant presence 
modeling if the aim is to assess which control strategy delivers the best building performance. 
Out of all strategies, the only one that remained in the top 4 (considered as the “good 
performance zone”) for all PIs is S6. However, it will be up to the company to prioritize PIs 
and/or ease and cost of development. These priorities will inform the choice of which strategy 
to favor. 

S3 AO S5 S1 S2 S4 AC

S3 S6 S1 S2 S4 S5 AC

S4 S5 S6 S2 S3 S1 AO

Primary Energy Demand

Daylight Autonomy

Glare

S6

AO

AC

Best performance Worst performance

 
Fig. 7.13: Ranking of strategies performance from best to worst. “Always Open” and “Always Closed” are 

indicated by AO and AC, respectively 

Evaluating the performance of the best control strategy 
S6 was identified as the best performing control strategy, and it thus selected to evaluate its 
performance. The need to refine the model complexity of occupant presence when evaluating the 
performance depends on the desired accuracy of the results.  
For example, one may conclude that the spread in annual primary energy demand obtained by 
means of the diversity patterns is too high. The occupant presence Pattern A (Option 1) led to 
a primary energy demand of 79.2 kWh/m2y, while Pattern B indicated that the building would 
need only 66.4 kWh/m2y to operate during the same period. Assuming that Pattern A and 
Pattern B were extreme conditions, one could attempt reducing the variation of these results by 
refining the occupant presence model.  
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Instead, in the case of comfort PIs, building codes typically exist that define the minimum 
acceptable percentage of occupied hours within a given threshold. (CIBSE 1994), for example, 
sets the minimum percentage of occupied hours with an illuminance level above 500 lux at 75%. 
This kind of compliance-driven calculations would normally come with a standard occupant 
presence schedule. Nevertheless, it is interesting to determine whether such limits would be 
achieved also in more extreme presence scenarios, as hypothesized by the diversity patterns. 
An analysis of the response of the strategies to occupant presence illustrated how only two 
strategies comply with this limit in all cases: S3 and S6. For these two strategies, it was hence 
not required to increase the presence model complexity, as they always fell within the required 
limits.  
Likewise, one may seek to limit the number of occupied hours with intolerable glare at 10%. Of 
all investigated strategies, only S4, S5 and S6 fell within this threshold while facing the window. 
Therefore, for these three strategies it was not required to increase the complexity of the 
occupant presence model.  
To conclude, a refinement of the occupant presence model (in this study coinciding with the 
application of higher model complexity) is necessary only when evaluating the energy 
performance of S6.  

 Higher model complexity 

The selected higher complexity model for occupant presence was the stochastic model by Page 
et al. (2008). Page et al.’s discrete-time, non-homogeneous Markov model allows generating the 
annual presence time-series at 15 min time steps. This model requires two parameters: the weekly 
occupant presence schedule and the parameter of mobility.  
If the user is not aware of a building-specific weekly occupant presence schedule or function, an 
option is to input the ASHRAE schedule (ASHRAE 2013). However, the ASHRAE schedule 
potentially takes over-hours into account, as the presence probability after 7 pm is a positive 
quantity (see Fig. 7.14 left). Moreover, it is worth reminding that the implementation of 
probabilistic OB models in deterministic BPS tools often occurs by comparing the probability 
computed by the model with a random number at each simulation time step. In the case of 
occupant presence, if the model probability is higher than the random number, occupants turn 
out to be present. This workaround may result in non-significant patterns as presence is 
questioned every 15 min.  
Therefore, two options were explored, i.e. the standard ASHRAE schedule (Fig. 7.14 left), and 
a modified ASHRAE schedule (Fig. 7.14 right) whereby people are not present before 8 am and 
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after 7 pm. The assumption of not considering over-hours is consistent with the assumption 
made when developing the diversity patterns (see Fig. 7.9).  

 
Fig. 7.14: Standard ASHRAE occupant presence fraction (left), and modified as absence before 8 am and 

after 7 pm (right) 

The value for the parameter of mobility was taken from (Gunay, O’Brien, and Beausoleil-
Morrison 2016). 
Fig. 7.15 shows the results obtained by running the Page model 50 times according to the 
presence probability schedules presented in Fig. 7.14. The reasoning behind the value of 50 can 
be found in (Feng, Yan, and Wang 2016).  
 

 
Fig. 7.15: Energy performance of S6 when implementing Page et al.’s model 
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The median values of energy demand according to the Page model were closer to the upper limit 
of the diversity patterns. This result was in line with expectations, as the main share of energy 
demand was imputable to lighting energy, which is occupant-dependent. In both cases illustrated 
in Fig. 7.14, it rarely occurred that no occupant was present between 9 am and 6 pm. It is worth 
noting the differences in results according to the assumed probability distribution function. In 
particular, assuming the standard ASHRAE schedule as a probability distribution function for 
occupant presence led to higher uncertainty than the defined diversity patterns. This result was 
mainly caused by the after-hours. In contrast, the results obtained with the modified ASHRAE 
schedule were quite robust to occupant presence, and were close to the upper limit indicated by 
the diversity patterns, as expected. This result can be explained as the major differences across 
simulation runs concerned whether one or two occupants are present, and not whether the space 
was occupied or not (see Appendix J: Example of occupancy status obtained using Page et al. 
occupant presence model).  
To conclude, implementing a higher model complexity for occupant presence revealed that the 
expected energy performance of S6 was closer to the upper limit of the diversity patterns, rather 
than to the median or lower limit. The use of standard ASHRAE schedules (which considers 
over-time) as input to the Page model led to a higher energy demand than the diversity patterns. 
The decision-maker should assess whether the actual occupant presence probability distribution 
function is closer to the ASHRAE schedule or to the modified ASHRAE schedule. By doing so, 
it would be possible to decide if S6 led to a satisfactory performance or not. 

 Concluding remarks 

This study applied the FFP-OBm strategy to the R&D of adaptive, presence-dependent, 
innovative shading elements. Six different shading control strategies were evaluated in terms of 
energy and visual comfort performance. The fit-for-purpose occupant presence model was 
identified for each strategy and each PI.  
The results show that most PIs were sensitive to the assumptions made regarding occupant 
presence. The only strategy/PI that were completely robust to occupant presence assumptions 
were the glare results for S4 and S5. Both these strategies were developed to avoid glare, and 
indeed, they delivered the required performance independently of the assumptions made for 
occupant presence.  
Despite the different response of various shading strategies to occupant presence, a refinement 
of the model complexity was not necessary to rank their mutual performance for all investigated 
PIs. In contrast, it may be needed when calculating the actual performance of a single strategy. 
In this case study, the stochastic occupant presence model from Page et al. (2008) helped to 
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establish that the actual performance is likely be closer to the upper limit identified by the 
diversity patterns. This result is achieved when neglecting over-hours.  
Further, this case study highlights the importance of carefully considering the assumptions made 
while modeling occupant presence. Two different pairs of diversity patterns had a different 
impact on the strategies/PIs. Moreover, two different schedules input to the Page et al. model 
yielded drastically different results. 
In conclusion, this case study identified the potential for the FFP-OBm to be used during the 
R&D process of adaptive façade elements.  

7.2 Performance assessment (Design/Commissioning phase) 

The second application case study of this chapter concerns the performance assessment of an 
office building located in the TU Vienna university campus.  
While the building is already built and high-resolution data is available from colleagues at TU 
Vienna (Tahmasebi and Mahdavi 2016), this case study is a double-blind study. In fact, a 
building model was developed in EnergyPlus as if no prior knowledge was available, mimicking 
the standard situation of building designers during the design phase. This initial model was 
named the standard model. 
The investigated PIs are also typical of the design phase.   
The available data from a local weather station was used to create a weather file, with the aim 
of ruling out the uncertainties related to weather and focusing only on OB-related uncertainties. 
Conversely, the available data with regards to occupant presence status, equipment energy use, 
light energy use, heating temperature setpoints and window state was used to develop data-
driven models. These models acted as ultimate model refinement for each OB aspect when 
increasing OB model complexity (if/when needed). The EnergyPlus model containing all 
available data was defined as the calibrated model. 
This case study was developed to evaluate whether the FFP-OBm strategy correctly identifies 
the required complexity of different OB models, according to specific performance indicators. In 
other words, it is interesting to corroborate whether, without prior knowledge, the FFP-OBm 
strategy indeed leads to a fit-for-purpose model. The intention is to obtain a model of the 
building – for each PI – that guarantees the desired accuracy but requires less data than the 
calibrated model, i.e. is less complex. 
In the following sections, the fit-for-purpose model complexity of various OB models (occupant 
presence, light use, equipment use and heating temperature setpoint setting) is investigated for 
a range of performance indicators.  
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 Problem definition 

Purpose 
The aim of this case study was to assess the performance of a 7-occupant office building located 
in the TU Wien University campus.  
Various performance indicators (PIs) were considered, related to both the energy and the comfort 
performance of the building. The selected PIs were:  
 

― Annual Heating Energy Use; expressed in [kWh/m2]; 
― Heating Peak Load; calculated with the Load Duration Curve (LDC) 

method, as opposed to simply maximum occurring value, and expressed in 
necessary power to satisfy the heating requirements during 95% of the 
occupied hours [kW] (see Fig. 7.16); 
 

 
Fig. 7.16: Example of LDC Method 

― Time Outside the EN15251 Category III comfort requirement; calculated 
as an average of all occupants and expressed in percentage of occupied time 
[%]. 

 
Building characteristics 
Seven workstations of an office building, in which each occupant has access to an operable 
window (Fig. 7.17), were the focus of this study. This office space has been investigated before 
by colleagues from TU Vienna, who developed the calibrated model of the building for different 
purposes (e.g., Tahmasebi and Mahdavi 2016). The basic office data and modeling assumptions 
are given in Table 7.4. 
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Climate 
The office is located in Vienna, Austria.  

 

Fig. 7.17: Schematic illustration of the TU Wien office area, with investigated occupants and operable 
windows 

Table 7.4: Basic office area data and modeling assumptions (Tahmasebi and Mahdavi 2016) 

Building data/Modeling assumptions Value 
Net conditioned floor area [m2] 187.6 

Gross wall area [m2] 120.1 
Average WWR [%] 26.7 

Exterior walls U-value [W/m2K] 0.65 
Exterior windows U-value [W/m2K] 2.79 

Exterior windows SHGC [-] 0.77 
Number of occupants [-] 7 

Number of operable windows [-] 7 
Windows discharge coefficient when open [-] 0.28 

Windows air mass flow coefficient when closed [kg/s m] 4.15 x 10-4

 
Use scenario  
The maximum LPD was set to 4.1 W/m2. The heat emitted by lights was assumed to be 42% 
radiant. The maximum EPD was set to 9.9 W/m2, with 20% radiant heat. In the new model 
developed for this study (later referred to as standard model) reference schedules were used for 
light use, equipment use and occupant presence, in accordance with widespread standards 
(ASHRAE 2013)(Fig. 7.18).  
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An ideal load air heating system kept Tin=22.5°C during the heating season, i.e. from September 
25 to April 21. No mechanical cooling is present. Windows were assumed to be always closed.  
 

 

 

Fig. 7.18: Standard schedules for for occupant presence, light use and equipment use 

 Choice of building model complexity and preliminary results 

As mentioned, a calibrated model was available in EnergyPlus version 8.7 (Tahmasebi and 
Mahdavi 2016). The calibrated model was taken as a benchmark for the actual performance of 
the building. For this study, however, all modeling assumptions concerning OB were 
standardized, as presented in the introduction to Section 7.2, as if the simulation user had no 
previous knowledge of OB. As mentioned, the possibility of reaching a FFP model was assessed 
for each PI. The complexity of a FFP model is possibly in between the standard model and the 
calibrated model, and the predictive ability of the FFP model is adequate to the desired accuracy. 
As a first step, the PIs were calculated with the standard model. 
 
Annual heating energy use 
Fig. 7.19 shows the annual building energy use for heating when standard assumptions about 
occupant presence, light use, equipment use, temperature setpoint setting and window operation 
were made. The heating energy demand of the standard model was about 45 kWh/m2y, while 
the calibrated model indicated a much higher demand, of about 65 kWh/m2y. This figure raises 
concerns about the appropriateness of using standard models for assessing building performance, 
as expected.  
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Fig. 7.19: Comparison between calibrated and standard models: Heating Energy Use 

Heating peak load 
Fig. 7.20 (left) shows the heating peak load when standard assumptions about occupant 
presence, plug loads use, light use, setpoint setting and window operation were made. While the 
calibrated heating peak load was 4.7 kW, the standard model predicted a peak of just below 4 
kW. Considering that safety margins may be taken into account in practice, one could assume 
that the system would also be sized appropriately if the standard model was considered. In this 
sense, the results shown in Fig. 7.20 (left) were less concerning than Fig. 7.19. However, the 
discrepancy between standard model and calibrated model was still relevant. 
 
Time Outside the EN15251 Category III  
Fig. 7.20 (right) shows the results of the comfort indicator: the percentage of occupied time 
falling below the EN15251 Category III standards. In this case, the assumptions about occupant 
presence, plug loads use, light use, setpoint setting and window operation were also taken from 
standards. While the calibrated model showed that occupants are uncomfortable during <10% 
of the time, the standard model showed an alarming 55% of time in discomfort. This result was 
imputable to the assumption of keeping the windows always closed, which made the indoor 
environment prone to overheating during the summer, as no cooling system was present. 
However, this assumption may be often made in reality, as it represents the simplest possible 
model for window operation. The large discrepancy shows how the standard model was unable 
to provide significant results concerning this comfort indicator.  
In the following sections, the FFP-OBm strategy is applied to this case study to verify the 
strategy’s capability of reaching a FFP model. 
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Fig. 7.20: Comparison between calibrated and standard models: Peak Heating Load (left) and Time 
Outside EN15251 Comfort Zone (right) 

 Impact Indices Method 

The only indicator among the selected PIs that could be addressed with the Impact Indices 
Method is the Annual Heating Energy Use. Therefore, IIs were calculated for this indicator as 
illustrated in Chapter 4 and are reported in Fig. 7.21.  

 

      
 

Fig. 7.21: Impact indices for Annual Heating Energy Use 

Depending on the tolerance limit, different aspects of OB are taken to the next step, i.e. the 
Diversity Patterns Method. In this case, a limit of II = 0.1 was taken. Therefore, it can be 
concluded that all investigated aspects (occupant presence, light use, equipment use and heating 
temperature setpoint setting) must be investigated by means of diversity patterns (Fig. 7.21). 
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 Diversity Patterns Method 

As mentioned in the introduction to Section 7.2, the FFP complexity of occupant presence, light 
use, equipment use, temperature setpoint setting, and window operation modeling is here 
investigated. Thus, diversity patterns were defined for the different aspects of OB (Table 7.5). 

Table 7.5: OB diversity patterns 

 Pattern A Pattern B

 
 

Presence 

 

Equipment Use 

 

Lighting Use 

 
Tsp, heating 21°C 24°C
Windows Always closed Open if Tin > 26°C

 
For equipment use, light use, and presence schedules, the patterns consisted of positive and 
negative variations of the ASHRAE standard. As for window operation, a further scenario was 
added to the “Always Closed” pattern, whereby the windows were open when the indoor 
temperature reaches 26 °C. The patterns for the heating temperature setpoint were variations 
of ±1.5 °C from the initial 22.5 °C. Once the diversity patterns were developed, the simulations 
were run and the results were processed (Fig. 7.22).  
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Fig. 7.22: Diversity Patterns Method results for Annual Heating Energy Use (left), Time Outside 
EN15251 Comfort Zone (center) and Peak Heating Load (right) 

Fig. 7.22 shows how in all cases the application of diversity patterns caused a large distribution 
of results. In particular, the boxplots depicting the distributions overlap in all cases with the 
calibrated model results.  
 

 Decision-making and Mann-Whitney U test 

It is assumed that the distributions obtained in Fig. 7.22 were too broad to be able to properly 
assess the energy and comfort performance of the office building. Therefore, the Mann-Whitney 
U test was applied to find out which aspects of OB caused such large distributions and may 
therefore need a more refined modeling approach (Fig. 7.23). A stringent tolerance limit equal 
to a p-value = 0.1 was taken. Fig. 7.23 shows that Tsp, heating, light use and equipment use were 
responsible for the spread of results in Annual Heating Energy Use. Instead, equipment use and 
window operation affected the comfort indicator the most. A refined modeling approach may be 
needed for Tsp, heating and equipment use when calculating the Peak Heating Load. 
In the next section, the effect of applying a refined modeling approach to those aspects that 
turned out to be influential according to the FFP-OBm strategy is investigated.  
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Fig. 7.23: Mann-Whitney U test for Annual Heating Energy Use (left); Time Outside EN15251 Comfort 
Zone (center) and Peak Heating Load (right) 

 Higher model complexity 

The Mann-Whitney U test helped in identifying the influential OB aspects. According to the 
strategy, the next step consists of refining the modeling formalism of the influential OB aspects. 
In this case, because real data were available, such data were used instead of merely increasing 
the model complexity, e.g. by applying stochastic models. Doing so allowed to use the best model 
available for a given case, and should always be the preferred option, when feasible.  
Fig. 7.24 shows the effect of refining how the influential OB aspects for each PI are modeled. 

          

 

Fig. 7.24: Annual Heating Energy Use (left); Time Outside EN15251 Comfort Zone (center) and Peak 
Heating Load (right) when applying the fit-for-purpose model. The OB aspects that did not require refined 

modeling formalism are shaded 
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Fig. 7.24 shows how the FFP models have a comparable predictive ability with the calibrated 
model. The results of Fig. 7.24 are given as boxplots because the less influential OB aspects were 
still modeled by means of diversity patterns. Should the simulation user deem a boxplot (i.e., a 
PI’s variation) too large to allow decision-making, the next influential OB aspect can be 
considered for refined modeling. For example, in the case of the comfort PI, according to the 
Mann-Whitney U test, the model of light use could be refined to possibly reduce the height of 
the boxplot. 
The FFP-OBm strategy showed that a refined modeling approach is not needed for: occupant 
presence and window operation to predict Annual Heating Energy Use; occupant presence, 
heating temperature setpoint setting and light use to predict the Time Outside EN15251 
Comfort Zone; occupant presence, light use and window operation to predict the Peak Heating 
Load. Therefore, the FFP models are much more lightweight than the calibrated model in all 
cases, and they still deliver high predictive ability. The decision-maker will assess whether the 
FFP models’ predictive ability is appropriate. 

7.3 Energy Performance Contracting (Retrofitting phase) 

The Impact Indices Method (Chapter 4) is an efficient and easy-to-implement method to provide 
an initial estimate of the potential effect of various aspects of OB on building cooling and heating 
energy demand. In contrast to common sensitivity analysis approaches based on a high number 
of scenarios, this method requires only a single simulation run. For these reasons, it is believed 
to be extremely interesting for energy service companies (ESCOs) that perform energy 
performance contracting (EPC). 
In EPC, the ESCO aims to guarantee a specified level of energy savings in the built environment 
for a client. Among the building energy performance uncertainties that hinder EPC, OB plays 
a major role. ESCOs are hence interested in including OB-related clauses in their contracts. 
Two case studies are presented hereafter: the ABT Building (Section 7.3.1), and the Strukton 
Buildings (Section 7.3.2). The two case studies are carried out to evaluate the potential of the 
Impact Indices Method in assisting ESCOs for EPC. 
The Strukton Buildings case study is briefly detailed, as the case study was carried out as a MSc 
Thesis Project by Miss Lenny Mennen, a student under the author’s supervision. Lenny worked 
at a company, Strukton Worksphere, and successfully integrated the II Method into the company 
workflow using the BPS software IES VE. This case study concerned two buildings previously 
investigated by the company, and allowed the author to verify and improve the suitability of 
the II Method for practitioners. Therefore, it is interesting to briefly mention the main outcomes 
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in this section. For further details, readers are advised to refer to Lenny’s MSc Thesis (Mennen 
2018).  

 The ABT Building 

7.3.1.1 Problem definition 

Purpose 
The building is part of a project that has an interest in understanding the OB-related risks 
associated with EPC. Firstly, the aim of the project is to assess buildings’ potential for EPC. 
Even if the analysis shows high potential for EPC (i.e., relatively low influence of OB), the 
ESCO involved is still interested in understanding whether further clauses should be applied in 
the EP contract for specific aspects of OB on a monthly basis. The PI of interest is:  
 

 Annual Gas Use for Heating;  
 

Building characteristics 
The building was built in 2001, consists of three floors, has dimensions of 39 x 29 x 9 m3 (W x 
L x H) and a gross floor area of 2040 m2. There is an atrium spanning the three floors which 
functions as common space, and a restaurant for the employees. Fig. 7.25 gives an impression 
of the double façade and atrium of the building as well as a typical floor plan. Automatically 
controlled sun shading devices are incorporated on the inside of the outer façade for the eastern, 
southern and western sides of the building to prevent overheating during the summer. As for 
the thermal characteristics, the external walls, ground floor, and roof R-values are 3.0 m2K/W, 
while the windows’ U-value is 1.2 W/m2K. The building has Dutch Energy Label A and Energy 
Index (EI) = 0.96. 
 

 

Fig. 7.25: Façade of the ABT building (left), impression of the atrium (middle), and plan of the second 
floor (right) 
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The indoor climate of the office is controlled by two air handling units (AHUs): one for the 
offices, which controls both supply and exhaust air, and one for the restaurant/atrium, which 
controls only the supply air of the restaurant. The building has a gas-fired boiler and a fully-
electric cooling machine. The AHU of the office spaces also has a rotary heat/cold exchanger 
with an efficiency of around 72 %, according to the technical specifications. The AHUs are also 
used for night ventilation during the summer to cool the building. The operational hours of night 
ventilation are between 1 am and 6 am during weekdays, and always on during the weekend. 
The outdoor air itself is used for night ventilation. The general system properties are specified 
in Table 7.6. 

Table 7.6: General system properties of the ABT building 

General system properties 

AHU offices 122 kW heating, 71.4 kW cooling 
Airflow: 4.06 m3/s 

Rotary heat/ cold exchanger 
(AHU offices) 

Efficiency = ca. 72 % 

AHU restaurant (only supply) 23 kW heating, 9.2 kW cooling 
Airflow: 0.42 m3/s 

Boiler capacity HR, 160 kW 
Efficiency = 0.975 

Cooling machine 105.9 kW 
Post heaters 14 kW per post heater 

Energy generation PV panels 

HVAC temperature setpoint 22.5 °C 

HVAC control Centrally/automatically 

 
Climate 
The building is located in Delft, The Netherlands. 
 
Use scenario  
At present, the building is used as semi-open office spaces and flexible workspaces, with occupied 
hours of 7:30 am – 7 pm during weekdays only. Sun shading and climate installations are 
centrally controlled; hence, people do not directly interact with them. Conversely, occupants 
trigger the occupant presence-dependent lighting in office spaces and restrooms and have a direct 
influence on the amount of equipment (two computer screens, a keyboard, and a computer 
mouse) that is used in the approximately 80 workspaces in the building. Moreover, people (may) 
have an impact on the thermal status of the building by means of their metabolic rate. While 
operable windows and internal blinds are present throughout the building, they are seldom 
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operated by the occupants. Hence, it was decided to focus the subsequent analysis on the effect 
of occupant presence, equipment and light use on energy demand for heating and cooling. 
Hereunder, the analysis is reported for heating only, which represents 20% of the building’s total 
primary energy consumption, while electricity use for cooling represents only about 5%. Heating 
is used throughout the year except during June, July and August.  

7.3.1.2 Choice of building model complexity and preliminary results 

A model of the building was developed in EnergyPlus version 8.7; the model was representative 
of the building energy behavior both in terms of aggregated yearly results for electricity and 
heating use (Fig. 7.26) and of hourly electricity profiles (Fig. 7.27).  
 

 

Fig. 7.26: Comparison between utility bills (2015) and simulated end uses for electricity (including 
cooling) and heating of the ABT building 

 

Fig. 7.27: Simulated hourly load profile of the electric consumers compared with the mean hourly 
electricity consumption measured for workdays (Monday to Friday) of Week 4, 2017 
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7.3.1.3 Impact Indices Method 

 
The impact indices for heating were calculated as in Chapter 4 and are reported in Fig. 7.28. It 
can be noticed that the whole building impact of each OB aspect is rather low, reaching a peak 
of 0.40 for light use. It is expected that an II of 0.40 corresponds to a heating energy demand 
variation of approximately 10-15% if the LPD is varied by ±50% (an extremely high variation). 
A lower impact on the heating energy demand is expected for OB-related equipment use and 
occupant presence. It is interesting to note that the total equipment use has a very high impact 
index, while the potential impact is substantially decreased when looking at OB-related 
equipment use. The added value of calculating II for each zone is dual: on one hand, it provides 
an indication that different model complexity levels may be required to represent OB for 
different zones, and on the other hand it could provide insights into the appropriate placing and 
installing of OB-related monitoring sensors. 
 

 

Fig. 7.28: Yearly Impact indices for presence, light use, equipment use and OB-related equipment use for 
whole building and each separate zone 

In order to verify the results obtained by means of the II, an OAT sensitivity analysis increasing 
and decreasing presence, LPD and EPD by 50% was carried out.  The sensitivity analysis was 
performed in respect to gas use for heating, as that was the PI of interest for the ESCO. The 
results are reported in Fig. 7.29. As expected, changing the LPD by ±50% causes the maximum 
variation in the output (ca. 10-15%), followed by OB-related EPD and occupant presence.  
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Fig. 7.29: OAT sensitivity analysis. Absolute and % gas use variation resulting from increasing/decreasing 
LPD (a), OB-related EPD (b), and presence (c) by 50% 

Monthly analysis 
As mentioned, one of the aims of the project is to understand whether to incorporate 
guidelines/clauses in the EP contract for occupants on how to operate the building on a monthly 
basis. For this reason, it seems relevant to calculate II for the selected aspects of OB for each 
month. The months Jun-Aug are omitted, as during that period no heating occurs. The results 
of this analysis are reported in Fig. 7.30. 
 

 

Fig. 7.30: Monthly Impact indices for occupant presence, light use, equipment use and OB-related 
equipment use for the whole building 

Fig. 7.30 shows what appears to be an inversely proportional relationship between the effect of 
OB and weather. In fact, the II increase for all three considered OB aspects as the weather 
conditions become milder (up to May-September), and decrease again with the arrival of winter 
months. This result confirms the well-established hypothesis that the relative impact of OB is 
more important for buildings that are less affected by the outdoor environment. Hence, a similar 
observation can be made on a seasonal/monthly basis.  
However, it is important to note that the II give an indication of the relative potential impact 
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of OB. In other words, they quantify the % variation of a performance indicator related to its 
absolute value. As one expects the absolute heating energy demand to be higher during the 
colder months, the II presented in Fig. 7.30 do not directly provide information about the actual 
amount of gas that could be consumed because of OB in absolute terms. Fig. 7.31 shows both 
the absolute monthly variation in gas use and the relative monthly variation when varying the 
LPD by ±50%. The relative variation follows the trend indicated by the II in Fig. 7.30. In 
contrast, the absolute variation shows that the “riskiest” months are March and December. 
August and September, despite presenting a high II (and therefore a high relative variation), are 
characterized by the lowest absolute variation. This example clearly shows the importance of 
considering both absolute and relative values when dealing with sensitivity analysis.   
 

 

Fig. 7.31: Monthly absolute and relative variation in gas use when varying the LPD by ±50% 

7.3.1.4 Decision-making 

For this building, it is possible to issue EP contracts with a low risk-factor. If the clients are 
interested in absolute gas use variation, it is advisable to include clauses about light use for the 
months of March, April, and Oct-Dec. However, the necessity of including such clauses should 
depend on the required tolerance, as well as on the assessment of actual light use variability. 
For this case study, there is no need to proceed with the FFP-OBm to the Diversity Patterns 
Method, nor to increase the model complexity of any aspect of OB.  

7.3.1.5 Physical correctness of results  

For the investigated building, historical data about the gas use during the last years was 
available. Fig. 7.32 confirms that the yearly variation in gas use was not significant, and was 
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mostly imputable to differences in weather conditions, here quantified by means of the Heating 
Degree Days (HDD) indicator, rather than OB.  
 

 

Fig. 7.32: Observed yearly variation in gas use (2014 was omitted due to lack of data) 

 The Strukton buildings  

7.3.2.1 Problem definition 

Purpose 
Two buildings were assessed for their potential for EPC, including OB. In particular, Strukton 
was interested in understanding whether the proposed strategy could be integrated into the risk 
matrix that is usually employed within the firm. Doing so would allow them to compare OB-
related risks with other types of risk such as planning, geology, location, etc.  
Moreover, the firm was interested in providing a relative comparison of their buildings’ 
sensitivity to OB by comparing the results to those of a pool of (virtual) buildings. 
The PIs of interest are:  
 

 Annual Heating Energy Use;  
 Annual Cooling Energy Use;  

 
Building characteristics  
Two different buildings with different characteristics, named Building A and Building B, were 
evaluated (Fig. 7.33). Building A is the office building of Strukton in Son and Building B is the 
city hall/music theater in Amsterdam. Building B is analyzed only partly, i.e. for the area 
corresponding to offices. The case studies are both open plan office buildings of about the same 
size. For both buildings, all floors are considered in the analysis except for the ground floor, 
which has a different function. 
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Fig. 7.33: The Strukton Buildings: Building A (left, source: van Schijndel Bouwgroep) and Building B 
(right) 

Table 7.7 provides a general description of the two case studies. As can be seen from Table 7.7, 
Building B is an older building and has worse insulation. Table 7.7 shows that Building B is 
adjacent to other parts of the building, which are also open-plan offices. Relatively less surfaces 
of Building B are exposed to the outdoor conditions than those of Building A, so Building B has 
a lower surface-area-to-volume ratio. Moreover, Building B has a lower window-to-wall ratio.  

Table 7.7: The Strukton Buildings: General description of the case studies 

 Building A Building B 
Floor area [m2] 6700 6000 

Floors 6 6 
Year of construction 2010 1984 

R-value walls [m2K/W] 3.23 2.2 – 2.4 
SA:V ratio [m2/m3] 0.26 0.19 

WWR [-] 40% 36% 

 
Climate 
Building A is located in Son, The Netherlands, and Building B is located in Amsterdam, The 
Netherlands. 
 
Use Scenario 
The user profiles of the zones are building specific. For example, Building B is designed to have 
a slightly higher occupant presence level than Building A. The exact profiles can be found in 
(Mennen 2018). Table 7.8 indicates the building/occupant interactions that were possible in the 
two buildings. The equipment and light use of both case studies are dependent on occupant 
presence. One main difference between the case studies is the use of blinds. In Building A the 
blinds are controlled manually, whereas in Building B they are automatic. This feature results 
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in a higher degree of freedom for the occupants of Building A, and potentially higher sensitivity 
to blind operation due to the higher SA:V ratio and WWR. The temperature setpoint variations 
are in both cases limited to a ±1°C.  

Table 7.8: The Strukton Buildings: building/occupant interactions in the case studies 

 Building A Building B 
Blind Operation Manual Automatic, manually overruled 
Equipment Use Depending on presence Depending on presence 

Light Use Occupant presence sensors Occupant presence sensors 
Occupant Presence - - 

Tsp Setting ±1°C ±1°C 

 
 
Phase in building lifecycle  
Building A is built and presently in use. Building B is in construction. 

7.3.2.2 Choice of building model complexity 

The simulation program IES VE is used (Integrated Environmental Solutions Ltd, 2018). This 
program was chosen because it is used by Strukton Worksphere. The simulation model of 
Building A was obtained from an earlier study (van Heijst, 2017). The simulation model of 
Building B was provided by Strukton Worksphere. Extensive information on the simulation 
models can be found in (Mennen 2018).  
A robustness test on the complexity of the building model was conducted by comparing three 
space granularities: room level, floor level, and building level (Fig. 7.34). 
 

  

Fig. 7.34: Complexity levels: room (left), floor (middle), building (right) (van Heijst, 2017) 

7.3.2.3 Impact Indices Method 

The problem concerns heating and cooling energy use, and hence the Impact Indices Method is 
considered suitable. However, the company was interested in providing a context for the impact 
indices’ results of the two buildings mentioned above. Because the method has been recently 
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developed and the company had no other building model that could act as benchmark, a pool 
of virtual buildings was developed. The aim of creating such a pool was to be able to provide 
further context for “high” impact indices. The building variants were obtained by using the 
simulation models of the case studies. Extreme values for the structure, the gain intensity and 
the orientation of the buildings were considered (Table 7.9).  

Table 7.9: Ranges of extreme values for the building variants 

Building characteristic  Range Reference 
SA:V [m2/m3]  0.19 – 0.26 - 

Orientation (long façade) [°]  0 – 90 - 
WWR [-]  0.20 – 0.60 (Goia 2016) 

Façade characteristics  Wall R-value [m2K/W] 1.30 – 4.50 (BWT 2015) 
(BWT 2015)  Roof R-value [m2K/W] 1.30 – 6.00 

 Floor R-value [m2K/W] 1.30 – 3.50 
 Window U-value [W/m2K] 3.10 – 1.30 
 g-value [-] 0.59 – 0.73 (Integrated 

Environmental 
Solutions Ltd, 

2018) 
 Visible transmittance [-] 0.76 – 0.48 (Gaetani, et al., 

2018) 
LPD [W/m2]  5.38 – 16.14 (ASHRAE 2013) 
EPD [W/m2]  5.38 – 16.14 

Occupant presence density 
[m2/person] 

 5.45 – 16.35 (British Council 
for Offices, 2013) 

 
In Table 7.10 the impact indices’ results for Building A and Building B are reported.  

Table 7.10: Results impact indices Building A and Building B 

 Building A Building B 

Impact index [-] Cooling Heating Cooling Heating 
Blind Operation 1.10 0.59 0.88 0.44 
Equipment Use 0.14 0.19 0.25 0.29 

Light Use 0.15 0.20 0.47 0.55 
Occupant Presence 0.16 0.21 0.28 0.32 

Tsp cooling 0.46 - 0.32 - 
Tsp heating - 0.10 - 0.43 
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In order to verify the results obtained by means of the II, an OAT sensitivity analysis was 
carried out. Such analysis should act as a verification of the II results, and hence was performed 
for both OB aspects characterized by high II and OB aspects characterized by low II. In 
particular, presence, LPD and EPD were increased and decreased by 50%, temperature setpoints 
by 1 °C, and a scenario in which blinds were operated when incident solar radiation exceeded 
250 W/m2 was added. The sensitivity analysis was performed in respect to heating and cooling 
energy use, as those were the PIs of interest for the ESCO. All building variants were 
investigated. As an example, the results for light use are reported in Fig. 7.35. The R-values of 
> 0.9 confirm that there a very high correlation existed between II values and sensitivity to OB. 

 

 

Fig. 7.35: II reliability test: comparison with OAT sensitivity analysis results for the impact of light use on 
cooling (left) and heating (right) energy. Each dot represents a building variant 

7.3.2.4 Decision-making 

Table 7.10 shows how Building A is particularly sensitive to blind use for both cooling (II = 
1.10) and heating (II = 0.59), and to temperature setpoint setting for cooling (II = 0.46). An 
analysis of the likelihood and magnitude of variation confirmed that there is a risk in issuing EP 
contracts without considering these two aspects of OB. 
Building B, conversely, was much more sensitive to OB. All investigated OB aspects were 
sensitive for heating and cooling energy use (all II > 0.2). Only by considering the likelihood 
and magnitude of OB variation, however, it will be possible to confirm whether there is a risk 
in issuing EP contracts (see (Mennen 2018)). 
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7.3.2.5 Physical correctness of results  

To check whether the approach highlights the correct OB aspects as being risky, the uncertainty 
ranges of the OB aspects that were considered as non-influential were also analyzed. In Fig. 7.36 
the results obtained by doing an OAT sensitivity analysis on the case studies are shown. The 
input data used to obtain these results were the realistic building-specific values. Hereunder, 
Building A was taken as an example since actual data is available for this building.  
Fig. 7.36 shows how the IIs resulted in a slight overestimation of the sensitivity for equipment 
use, light use and presence. This is due to the fact that in reality the magnitude of variation is 
slightly lower than the considered ±50%. However, Fig. 7.36 also shows that the riskiest OB 
aspects were correctly identified. It will be possible to issue risk-free EPC contracts once clauses 
regarding blind operation and temperature setpoint setting are added. 
 

  

Fig. 7.36: Uncertainty range for Building A (heating and cooling) resulting from the OAT sensitivity 
analysis 

7.4 Concluding remarks 

A number of real case studies were presented in this chapter to test the usability of the methods 
proposed in this thesis, and – in those cases where the buildings were already built – to verify 
that the outcomes of the strategy are physically correct.  
The first case study evaluated whether the FFP-OBm strategy may be useful during the R&D 
process of innovative, adaptive shading systems. In this case study, a number of different shading 
systems were compared. According to the strategy’s outcome, no higher complexity models for 
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presence were needed when ranking the energy performance of the shading systems, nor when 
evaluating the performance indicators related to DA and glare of the best performing system. 
Instead, it was vital to devote attention to presence modeling when evaluating the energy 
performance of the best performing system.  
The second case study exploited the availability of high-resolution data to evaluate the physical 
correctness of the FFP-OBm strategy’s outcome. An office building in TU Wien was evaluated 
in terms of energy and comfort performance. Applying the strategy led to a lighter-weight model 
than the calibrated model and it was still able to deliver a high predictive ability. This outcome 
has a number of benefits, from saving time- and cost-expenditure related to modeling, to 
supporting an efficient placing of sensors for further studies.  
The third and fourth case studies investigate the potential of the Impact Indices Method for 
energy performance contracting (EPC). In both cases, the method provides useful indications 
about which OB-related clauses should be included in the contracts. 
The results shown in this chapter confirm the usability of the methods proposed in this thesis 
and the physical correctness of the outcomes of the FFP-OBm strategy. 
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8 Conclusions and discussion 

‘[…] Keep Ithaka always in your mind. 
Arriving there is what you’re destined for. 

But don’t hurry the journey at all. 
Better if it lasts for years, 

so you’re old by the time you reach the island, 
wealthy with all you’ve gained on the way, 

not expecting Ithaka to make you rich. 
 

Ithaka gave you the marvelous journey. 
Without her you wouldn't have set out. 

She has nothing left to give you now. 
 

And if you find her poor, Ithaka won’t have fooled you. 
Wise as you will have become, so full of experience, 

you’ll have understood by then what these Ithakas mean.’ 
 

Ithaka, C. P. Cavafy, Translated from Greek by Edmund Keeley 

 

 

 

 
 
This chapter presents the main conclusions of this research in Section 8.1. The limitations, both connected 
to the state-of-the-art of the research field, and connected to the methods developed in this research, are 
addressed in Section 8.2. Section 8.3 discusses the potential for future research related to this field. In 
particular, the discussion focuses on the need to extend the research scope and the fundamental scientific 
knowledge in the field, and on the necessary R&D activities to encourage the use of the strategy by BPS 
users. 
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8.1 Conclusions 

BPS is a useful tool to support the design and operation phases of buildings and the realization 
of performance goals. An increasing number of goals are directed by sustainability and energy 
efficiency targets. However, the reliability of BPS results is impaired by uncertainties. In 
particular, improper OB modeling is a widely recognized source of discrepancy between 
simulation results and actual building performance.  
In this context, researchers have developed numerous models with the aim of providing better 
and more realistic representations of occupant presence and behavior in buildings. These models 
are fairly complex and are subject to questions about their validity and applicability. Moreover, 
the effort needed to implement them in BPS may not always be justified, as in some cases they 
may not be useful or necessary. On the other end of the scale, practitioners still rely upon 
standard schedules and simple IF-THEN models in their simulations. While recognizing how 
inappropriate these approaches may be, practitioners lament that there is no better solution 
available. This dissatisfaction is compounded by the fact that simulation users are unable to 
know when they should refine their modeling approach and have no systematic guidance on how 
to choose among the many existing models.  
To address these issues, this research aimed to develop, test and evaluate a computational 
approach: the fit-for-purpose occupant behavior modeling (FFP-OBm) strategy. The FFP-OBm 
strategy can be used to support the simulation user in choosing the appropriate model 
complexity of various OB aspects for building energy and comfort performance simulation. The 
concept of “fit-for-purpose” implies that the appropriate OB modeling approach is strictly 
connected with the object and purpose of the BPS model. 
Four objectives were directly related to this research aim: 

― To develop an effective strategy for the selection of model complexity of various OB 
aspects; 

― To integrate such a strategy into a computational building performance simulation 
tool and test its reliability by means of virtual experiments; 

― To illustrate, using virtual and real case studies, how the developed strategy leads to 
efficient, informed decision-making and improves traditional modeling techniques; 

― To better understand the relationships between various aspects of OB and building 
(energy and comfort) performance in a number of demonstration examples. 

In this section, it is considered whether these objectives were achieved in the research presented 
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here. 

 Development of the FFP-OBm strategy 

The FFP-OBm was successfully developed after an initial process of review of the state-of-the-
art in OB model selection. Existing studies comparing the predictive ability of models with 
different complexities were reviewed with the aim of gaining an understanding of the 
applicability range of various approaches. It was found that no a priori conclusions could be 
derived.  
The requirements of a strategy for OB model selection were then identified. It was concluded 
that the strategy should consider the different aspects of OB rather than OB as a whole, as 
different actions may have entirely dissimilar consequences on the building performance. For 
some buildings and some purposes of the simulation, a refined model of a given OB aspect may 
be essential, while for others it may be superfluous. The modeling approach should be refined 
only for influential aspects, and the trade-off between input uncertainty and abstraction error 
should be considered. In this framework, it is essential to be able to distinguish influential from 
non-influential OB aspects. This goal was achieved by means of three increasingly complex 
sensitivity analyses. This process of analysis can be understood as sequential, meaning that if 
the first analysis does not provide a clear answer, then the subsequent analysis should be 
conducted. However, if an analysis yields a suitable answer, then the simulation user need not 
progress to the subsequent test. Each of the three analysis steps are summarized below. 
The first analysis, named the Impact Indices Method, allows to quickly filter out non-influential 
OB aspects after one simulation run in EnergyPlus.  
The second analysis, the Diversity Patterns Method, tests the effect of extreme variations of OB 
by applying all possible combinations of diversity patterns to the aspects identified as influential 
by the Impact Indices Method.  
The third analysis, the Mann-Whitney U test, consists of the application of a statistical test to 
the output of the Diversity Patterns Method.  
Once the influential OB aspects are identified (in whichever stage), the option is given to reduce 
their connected uncertainty. If their uncertainty cannot be reduced and the third analysis 
confirms that a given OB aspect is influential, more refined modeling approaches are evaluated. 

 Integration of the FFP-OBm strategy in BPS tool and testing of its reliability 

The FFP-OBm strategy was developed from the combination of two software packages: 
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EnergyPlus (BPS) and Matlab (data processing). The Matlab software is used to apply the 
diversity patterns, automatically write new .idf files as input for EnergyPlus, efficiently run the 
simulations and process the results. Moreover, it allows the smooth execution of the Mann-
Whitney U test. It is envisioned that the strategy will be automated in the future, rendering it 
available for a variety of BPS tools. To date, apart from EnergyPlus, the strategy has been 
successfully implemented in IES VE software. 
With regards to higher complexity OB models, two approaches are implemented: i) stochastic 
models from literature, implemented in EnergyPlus by means of the Energy Runtime Language 
(ERL) in the Energy Management System (EMS); and ii) high-resolution real data, collected at 
a 15-min time interval. 
The reliability of the different methods comprised in the strategy was tested by means of virtual 
experiments. In particular, the outcome of the Impact Indices Method was compared to 
traditional sensitivity analysis techniques (such as OAT sensitivity analysis). Alternatively, to 
test the Diversity Patterns Method, higher model complexity was also applied to non-influential 
OB aspects and the results were assessed. The virtual experiments were successful, indicating 
that the methods were able to correctly determine which OB aspects were worthy of further 
investigation.  

 Illustration of the usability and efficacy of the FFP-OBm strategy 

A number of case studies were conducted to illustrate how the presented strategy aids the 
consideration of the uncertainties related to OB, thereby allowing the simulation user to make 
more informed choices than is possible with traditional techniques.  
The first case study evaluated the FFP-OBm strategy in the R&D process of occupant-
dependent, adaptive shading systems. In the results related to energy use up to a 20% difference 
was found between the traditional approach and the developed strategy. It is worth noting here 
that the only difference between the two conditions was the modelling complexity of occupant 
presence.  
The second case study used the FFP-OBm strategy to assess the energy and comfort 
performance in an office building through PIs that are routinely considered in the design phase, 
i.e. Heating Energy Use, Heating Peak Load, and Time Outside Comfort Zone. However, in this 
case the building was built, and it was possible to measure the strategy results against real data. 
The outcome showed that the strategy was able to produce a more lightweight model than the 
calibrated model and it still delivered high predictive ability. In other words, in this case the 
FFP model was simpler than the calibrated model, confirming that higher complexity models 
are not always needed. 
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The third and fourth case studies confirmed the capability of the Impact Indices Method to 
support Energy Performance Contracting. The method is able to quickly identify the potential 
for EPC and/or OB aspects to be carefully regulated in the contracts. It is also noteworthy that 
both of these case studies were carried out at companies where the usability of the method was 
evaluated by practitioners and the Impact Indices Method was implemented in the company’s 
workflow. 

 New insights derived from the application of the FFP-OBm strategy 

A number of insights were gained from the application of the strategy to virtual and real case 
studies. Some of these insights were previously formulated as hypotheses in Section 3.3.4, while 
others derive from research activities connected to this thesis. 
 

 The effect of OB on building performance cannot be generalized a priori: 
― Different buildings are affected differently by OB;  
― Different PIs are affected differently by OB; 
― Different aspects of OB have different effects on the results; 
― Alongside the potential effect of OB on building performance, it is important 

to quantify the likelihood of variation of various OB aspects, as well as the 
magnitude of such a variation. This process is necessary to convert potential 
impact into actual risk. 
  

 About OB model complexity: 
― The appropriate OB model complexity is indeed case-specific, it cannot be 

selected a priori, and it depends on the object and purpose of the simulation; 
― The fit-for-purpose OB model complexity varies according to aspect of OB; 
― Higher complexity models are often not needed for decision-making and are 

subject to questions regarding their validity and applicability; however, 
consciously addressing the issue of OB model selection as opposed to using 
traditional, oversimplified techniques is beneficial for successful decision-
making in building design and operation; 

― There is a strong need for validated, reliable, higher-complexity OB models; 
such models may also be developed from diversity patterns, as is similar to 
the case of weather uncertainties modeling; 

― If the simulation user uses diversity patterns, all possible pattern 
combinations must be simulated; 
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― The quest for fit-for-purpose modeling is a multifaceted problem, which does 
not concern complexity alone. 

 
 About the here-presented FFP-OBm strategy: 

― The results derived from the Impact Indices Method (one simulation required) 
are in line with those derived from OAT sensitivity analysis (multiple 
simulations required); 

― The Impact Indices Method can be used to support Energy Performance 
Contracting; 

― The FFP-OBm strategy can be used to support informed design decision-
making; 

― The results of the FFP-OBm strategy increase the reliability of BPS results 
if compared to traditional techniques, assuming the validity/applicability of 
the connected higher complexity models. 

8.2 Limitations 

During the development of the strategy, a number of decisions were made that inevitably 
influenced the outcome of this thesis and the applicability range, as well as the reliability of the 
methods presented here. It is worth making a distinction between limitations of the OB modeling 
field, which relate to the relatively immature state-of-the-art in the field of OB modeling, and 
limitations of the FFP-OBm strategy, or the limitations connected to the methods and the 
required input from the user of the strategy. 

 Limitations of the OB modeling field 

Chapter 2 highlighted the common issues connected with currently available higher complexity 
OB models. The fact that most available stochastic models and ABMs have not undergone 
rigorous verification and validation is a limitation of the actual results presented in this study 
regarding building performance. However, this external limitation does not have an effect on the 
development of the strategy or on the reliability of the proposed methods, since it does not 
compromise the theoretical grounds of the strategy. 
The reliability of the models’ outcome is weakened by the lack of detailed guidelines regarding 
their applicability. The implementation in BPS software (such as variability of the coefficients 
or required simulation time-step) further impairs the credibility of the models’ results. In this 
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sense, it cannot be guaranteed that the numerical outcome of the FFP-OBm strategy in its 
present state yields physically correct results, as the connected models cannot be fully trusted. 
To overcome this issue, the author used real data when it was available rather than higher 
complexity models. The author envisions that, in the near future, the database of OB models 
connected to the FFP-OBm strategy (see Fig. 6.2) will only include verified, validated and 
applicable models. Until then, it is suggested that all available models of a given complexity are 
used and their results are critically compared. ABMs are not implemented in this study as they 
present even greater applicability issues than stochastic models. Diversity in stochastic models 
is also not considered for the same reasons, but it should certainly be part of future research. 

 Limitations of the FFP-OBm strategy 

As mentioned in Chapter 4, the current development of the Impact Indices Method uses ready-
made output from the simulation run regarding the sensible heat balance of a building. This is 
a strength of the method, which is supposed to be easily accessible to practitioners and easy to 
implement. However, the results should be carefully considered when significant latent loads are 
present and in buildings characterized by particularly high gains/losses ratios and a low time-
constant (i.e. for those cases where the utilized gains are suspected to be extremely low). While 
these are important limitations, it is worth considering that the Impact Indices Method was 
developed as an initial screening test to identify non-influential OB aspects. In this sense, the 
two limitations are not crucial for the usability of the method. In fact, any errors that may arise 
would always result in an overestimation of the impact indices, i.e. in identifying non-influential 
OB aspects as influential, and never vice versa.   
The Diversity Patterns Method requires some assumptions to be made regarding the diversity 
patterns. These assumptions are critical for the outcome of the method, as is always the case 
with assumptions in scenario analysis. In the course of this research, different tests were carried 
out to evaluate the robustness of the method to the scenario definition (e.g., Section 7.1.4). It 
remains critical that the closer the patterns are to the actual potential variation in behavior, the 
more representative the method’s outcome is. This point should be carefully addressed when 
automating the strategy to ensure that the variations are transparent and can be easily modified 
by the user. The option of considering more than one high/low pattern combination should be 
evaluated. 
Further, the final user of the strategy should be made aware of the standard p-value considered 
for the Mann-Whitney U test. The implications of the p-value (in this doctoral disseration taken 
as p-value = 0.05 – 0.1) should be clearly communicated and its value should be easy to override.     
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Limitations arising from the limited scope of applications of the strategy to date are discussed 
in relation to suggested future research that may mitigate them in Section 8.3. 

8.3 Future research 

The efforts connected with the development, integration in BPS, and application of the presented 
FFP-OBm strategy helped in identifying a number of necessary topics for future research. These 
topics concern: i) extension of scientific knowledge (Section 8.3.1 and Section 8.3.2); and ii) 
R&D to enable the widespread implementation of the here presented strategy in BPS software 
(Section 8.3.3). 

 Extension of the research’s scope 

― The Impact Indices Method is currently developed for two performance PIs only, i.e. 
Heating and Cooling Energy Use. The method is able to provide a fast screening for 
influential OB aspects; this ability is useful for practitioners, as well as essential for an 
efficient fit-for-purpose OB modeling workflow. It would be valuable to develop similar, 
fast screening methods for a wider range of PIs, for example comfort indicators. 

― A wider range of purposes, PIs, space-scales and time-scales should be addressed. In 
particular, previous research (Giskes 2017) confirmed that there is an averaging effect 
when the building-level scale is considered as opposed to the room-level scale. It would 
be interesting to consider the implications of the strategy at smaller space-scales, as 
well as bigger space-scales such as neighborhoods. However, the building-level and 
floor-level scales addressed in this thesis cover the majority of today’s practical uses of 
BPS. 

― The FFP-OBm strategy should be tested on different building types and BPS software 
to verify its applicability range;  

― The range of models and complexity levels of the integrated OB models should be 
extended, for example to include diversity in stochastic modeling and agent-based 
models. Doing so would also allow to further tackle the notion of trade-off between 
approximation error and uncertainty in input parameters when increasing the model 
complexity. At the present time, due to the questionable accuracy of higher complexity 
models (and therefore their connected ability to provide a better representation of 
reality), a rigorous investigation of this concept is not possible; 
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― It would be useful to derive similar strategies for different building model complexities 
(the issue of fit-for-purpose building model complexity itself also deserves further 
research).  

 Application to connected areas of interest 

This research thoroughly considered only one sub-domain of the BPS model: the OB sub-domain. 
However, as indicated in Section 2.1, the sub-domains are closely interconnected. A necessary 
area for further research lies within the interconnection of OB with other sub-domains and model 
inputs. Doing so would allow for comparison of the uncertainties derived from OB alone with 
those from other sub-domains, and for the establishing of best-practices for the implementation 
of OB models based on quantitative research (such as, “higher complexity window models are 
only advisable with an appropriate airflow network model”). 
Moreover, a wider application of this research could provide significant insights concerning grid 
interaction and energy matching. The simulation of concepts such as demand side management 
and building energy flexibility require the prediction of occupant behavior. It is therefore 
necessary to direct research towards establishing fit-for-purpose OB modeling practices in these 
fields of inquiry. 
Further interesting research directions are: occupant-centric performance evaluation; occupant-
centric building design; and simulation-based occupant feedback.  

 Automation of the strategy 

The FFP-OBm strategy in its present state consists of a number of scripts coded in Matlab. 
These scripts allow the user to run simulations in EnergyPlus, to analyze and visualize 
simulation output, to write .idf files when applying the Diversity Patterns Method, and to 
implement the Mann-Whitney U test. All these actions have potential for automation, which 
would minimize the effort required by the user. The users would still be expected to take an 
active role in: i) assessing whether a decision can be made following each strategy step; ii) 
verifying the assumptions regarding diversity patterns and p-value and possibly overriding them; 
iii) making themselves aware of the models in the connected database of OB models and their 
requirements, and possibly adding building-specific real data.  
The automation of the strategy is essential to ensure its diffusion outside the academic 
community. However, carrying out such an operation is the domain of computer scientists rather 
than building scientists. Discussions regarding implementation in various BPS software programs 
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are being carried out. All developed code is made available on https://data.4tu.nl/repository 
with DOI 10.4121/uuid:3e03a5ac-b1c9-42a4-b7f4-6ace04c23b90. 
 
In conclusion, it is important to note that this strategy and the methods developed in this 
strategy will not become obsolete with the increase of computational power and available data.  
For example, the identification of the main influential aspects of OB for different buildings and 
purposes of the simulation is a necessary step for a number of applications. Among them are: i) 
saving time- and cost-expenditure related to modeling; ii) prioritizing data collection related to 
specific OB aspects; and iii) supporting the efficient placement of occupant sensors for further 
studies. 
Moreover, the trade-off between input uncertainty and abstraction error when increasing model 
complexity should always be considered in order to optimize the overall error in the simulation 
predictions. In other words, one should always prefer models that are as simple as possible, but 
not simpler. 
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Appendices 

Appendix A: Mathematical formulations for probabilistic models 

Generalized linear models and logistic regression 

Various approaches are available to model the relation between probability of an occurrence and 
predictor variable(s). A number of researchers (e.g., (Mahdavi et al. 2008)) proposed using a 
linear relationship between the action probability p and the predictor variable x, such as:  

	 , , ⋯ ,       (A.1) 

where  is the vector of the regression coefficients. However, the assumption of a normally 
distributed response variable and of a linear relationship between the predictor variable and the 
mean value of the action probability (or response variable) is not always verified. While it could 
be helpful to describe non-adaptive behaviors such as the relationship between presence and use 
of appliances, the representation of adaptive behaviors typically requires binary yes/no values 
(such as “are the lights on? Are the windows open? Are the blinds up?”), rather than continuous 
values that change linearly with a predictor. This issue was overcome in 1972, when statisticians 
R. W. M. Wedderburn and J. A. Nelder proposed the Generalized Linear Models (GLM) 
(Wedderburn was to pass away three years later, at 28, of anaphylactic shock from an insect 
bite while on holidays). GLM unify various statistical models, including linear regression, logistic 
regression, and Poisson regression. In particular, GLM generalizes linear regression by allowing 
a linear relationship between predictor variable and response variable via a link function g, such 
as 

         (A.2) 
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As mentioned, OB models often need to predict a probability of making a yes/no choice (also 
called Bernoulli variable), with probabilities bounded on both ends (they must be between 0 and 
1). For example, if one was to relate the probability of turning on the lights as a consequence of 
the workplane illuminance, one may say that at a given illuminance the odds are doubling: from 
2:1 odds, to 4:1 odds, etc. It would not be reasonable to double the probability itself, say from 
50% to 100%, etc. In this case, the response variable follows a Bernoulli distribution and would 
be typically modeled with a log-odds (or logit) link function. Models using log-odds (or logit) 
link functions are known as logistic regression models or logit models. Instead, if one was 
interested in predicting the number of lights which are on, one would model the problem with a 
Poisson distribution and a log link function. Some common distributions with typical uses and 
canonical link functions are shown in Table A.1. 

Table A.1: Relevant distributions of logistic regressions with link function and typical applications 

Distribution Typical use Link name Link function Application 
Normal Linear-response 

data 
Identity Temperature, 

CO2, ... 
Poisson Count of 

occurrences in 
fixed amount of 

time/space 

Log ln Number of 
occupants 

Poisson Count of 
occurrences in 

fixed amount of 
time/space 

Complementary 
log-log (cloglog) 

log log 1 p Number of 
occupants 

Binomial Proportion of 
“yes” occurrences 
out of n yes/no 

occurrences 

Logit ln
1

 # lights ON 

Bernoulli Outcome of single 
yes/no occurrence 

Logit ln
1

 Lights ON/OFF 

Bernoulli Outcome of single 
yes/no occurrence 

Probit Φ Lights ON/OFF 

 

A further generalization of the GLM are the Linear Mixed Effects Models (LMM). LMM 
introduce random effects U (assumed to be normally distributed) alongside the explanatory 
variable X, such as 
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	         (A.3) 

Random effects are useful to explain variations that are present in the data, but whose direct 
relation to the outcome variable is meaningless for the model. For example, data collected in 
different years could show an incomprehensible year-dependency, which should be considered 
also if year is obviously not a suitable predictor variable. 

Random processes: Bernoulli and Markov 

Bernoulli processes are discrete-time stochastic processes consisting of a sequence of identically 
distributed and independent binary variables, canonically 0 and 1. A Bernoulli process has no 
memory and each time step can be considered as the start of a new process. A typical example 
of a Bernoulli process is a set of coin tosses, where p = ½ at each toss for an unbiased coin. If p 
is constant in time the process is homogeneous, while if p is time-dependent the process is non-
homogeneous. In the context of OB, however, the assumption of independence from current time 
step appears simplistic.  
Markov processes extend Bernoulli processes by including the current time step t to predict t+1. 
A process satisfies the Markov property if its future state can be predicted based solely on its 
present state, independently on the process history. This property is referred to as 
memorylessness. The probabilities associated with state changes are called transition 
probabilities. A Markov chain is a Markov model that predicts states at discrete equally-spaced 
times, by means of transition probabilities matrices. The matrix entries can be calculated e.g. 
from time-use (TU) data. A Markov chain is defined as follows. Let M be a finite set, and T be 
an index set. A collection of M-valued random variables  with ∈  is called a Markov chain 
if the following equation holds true: 

| , , … , |       (A.4) 

Hence, the previous time step contains all information to calculate the probability of the current 
time step. This Markov property expresses the memorylessness of the process	 . The set M is 
called the state space of the Markov chain. For , ∈  the conditional probability is given by 
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	| ,        (A.5) 

If the transition probabilities do not depend on time, the Markov chain is called homogeneous. 
Otherwise it is called non-homogeneous. A drawback for using Markov chains in behavioral 
modeling is that the probability functions are time-step dependent. To solve this issue, (Gunay 
et al. 2014) propose using discrete-event Markov chains. A Hidden Markov Model (HMM) is a 
probabilistic model that consists of a Markov chain, whose states are not directly observed, and 
a series of observations.  

Survival analysis 

Survival analysis models offer an alternative to Markov chains. Such models compute the 
expected duration of time until an event will occur. For example, the expected duration of time 
until a light will be switched OFF. They consist of a survival function, conventionally denoted 
S, and defined as	 Pr	 , which denotes the probability Pr that the time to event T 
is greater than a specified time t. Related to this function are the lifetime distribution function 
F (or the complement of the survival function), defined as Pr 1  and the 

differential of the distribution function 	 . Different functions of f can be assumed to 

fit measured data for the survival function, such as the exponential distribution 	  
or the Weibull distribution	 . 

Bayesian networks models 

A Bayesian network (or Bayesian Belief Network (BBN) or causal probabilistic network) is a 
graphical model that encodes probabilistic relationships between predictor and response 
variables. The advantage of Bayesian models is that they can learn causal relationship, hence 
aiding in gaining understanding of the problem under investigation; this attribute is particularly 
interesting when dealing with incomplete or uncertain information. Because of the causal and 
probabilistic nature of this formalism, Bayesian networks have been explored for the domain of 
OB.  
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Appendix B: List of existing OB models from literature 

Existing models of presence 

Table B.1: Review of available presence models according to: level of complexity; reference; simulation 
or modeling framework; type of behavior; building type; location; pros; cons 

Complexi
ty 

(0=non-
probabilis

tic, 
1=probab

ilistic, 
2=agent-

based 
models) 

Author(s) 
year [Ref.] 

Model 
(M) or 
Simulat

ion 
framew
ork (S) 

Type of 
behavior 

Keywords 
Building 

Type 
Locat
ion 

Pros Cons 

0 (Davis and 
Nutter 
2010) 

M Occupancy 
status 

Profiles 
derived from 

extensive 
measured data 

University US Clustering for 
weekday type; 

estimate of 
uncertainty 

(measurements) 

Building-
specific; many 
info needed; 

high 
dependence on 

data 
0 (Duarte, 

Van Den 
Wymelenbe

rg, and 
Rieger 
2013) 

M Occupancy 
status 

Descriptive 
statistics; 
validated 

Office US Clustering per 
weekday and 
month type; 
comparison 

with ASHRAE 
guidelines and 
Page model 

Open plan 
offices not 
accurately 
described; 
comparison 
with Page 

model unclear 
0 (Ardeshir 

Mahdavi 
and 

Tahmasebi 
2015) 

M Occupancy Statistically 
aggregated 
profiles; 
building 
systems 
control 

Office A Separate sets of 
data used for 
training and 

evaluating the 
models; 

comparison 
with Reinhart’s 

and Page et 
al.’s models 

Requires 
aggregate 
profile of 
presence 

probability 

1 (D. Wang, 
Federspiel, 

and 
Rubinstein 

2005) 

M Occupancy Non-
homogeneous 

Poisson 
process; 

integrated 
EnergyPlus; 

partially 
validated 

Office US Vacant 
intervals’ 

distribution 
(improves 
Reinhart’s 

model); time 
varying; 

matches with 
observation 

Fixed profiles 
weekends/week

days; total 
presence 

overestimated; 
intervals do not 

fit well 

1 (J. Page et 
al. 2008) 

M Occupancy Markov chain 
non-

homogeneous 
2 states; 

validated; 
MATLAB 

script; 
integrated 
EnergyPlus 

Office and 
Household 

CH Vast range of 
applications 

(given the right 
inputs); 

includes long 
absences; 

comprehensive; 
realistic; 

pioneer MC-

Long-term 
monitoring; 

complex input; 
underestimates 
total absence; 

calibration on 5 
university 

offices 
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based occ. 
modeling 

1 (Richardso
n, 

Thomson, 
and Infield 

2008) 

M Occupancy 
status and n 

Markov chain 
non-

homogeneous 
2 states MC; 

partially 
validated; 

implemented 
Excel 

Household UK Active/inactive 
users; sharing 

behavior; 
combined with 
activity model; 
free download 

Only 
classification 

weekdays/week
ends and 

people/househo
ld 

1 (Yu 2010) M Occupancy Genetic 
programming 

(GP) 

Office CH 80-83% 
accuracy; 
different 

dataset for 
training and 
testing; same 

dataset as Page 
model 

Single-person 
office only; 
testbed of 5 
offices for 4 
weeks only; 

does not 
compare well 
with Page 

model 
1 (C. Wang, 

Yan, and 
Jiang 2011) 

M Occupancy Markov chain 
homogeneous; 

partially 
validated; 
MATLAB 

script 

Office - Produces non-
synchronous 

change of O in 
time/uneven 

distribution of 
O in space; 
simplicity, 
accuracy 

Probability 
functions not 

time-
dependent; 
arithmetic 

speed problem 
[Feng.]; simple 
validation/calib
ration missing 

1 (Dong and 
Lam 2011) 

S Occupancy 
n 

Hidden 
Markov Model 

based on 
Gaussian 
Mixture 

Model (GMM) 

Office US Multi-occupant 
office; 83% 
accuracy; 

comparison 
with ASHRAE 

90.1; 18.5% 
energy savings 

(EP) 

Max 4 
occupants 
predicted; 

requires testbed 
with high 
amount of 
sensors for 

development 
1 (Chang and 

Hong 2013) 
M Occupancy Cumulative 

and 
probability 
distribution 

function 

Office - 5 occupancy 
patterns; 
extensive 

database (200 
cubicle offices) 

Single-person 
office only 

1 (Aerts et 
al. 2014) 

M Occupancy Probabilistic; 
hierarchical 
clustering 

Household B 3 states, 7 
occupancy 

patterns; key 
variables 
transition 

probability and 
duration 

probability; 
improves 

(Wilke et al. 
2013); 

calibration for 
download; low 

complexity 

Strong 
dependence on 

TUS; 
occupancy only 

1 (P. D. 
Andersen 

et al. 2014) 

M Occupancy 
status and n 

Markov chain 
non-

homogeneous 
with time step 
as covariate 

Office US Captures 
dependence on 

time; 
comparison 

with 
homogeneous 
Markov chain 

and non-
homogeneous 

No correlations 
between 

occupants; no 
day-to-day 
correlations; 
complexity 
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with 
exponential 
smoothing 

1 (Jia and 
Spanos 
2017) 

M Occupancy 
n 

Queuing 
theory; 
arrivals 

described by 
Poisson 
processes 

Office US Minimizes 
calibration 

efforts; 
validated with 
(Liao, Lin, and 
Barooah 2012); 

different 
dataset for 

training and 
validation; 
comparison 
with MCM, 

ABM and GM 

Average 
behavior of 
multiple 

occupants only; 
occupancy 
patterns of 

different spaces 
assumed to be 
independent; 

lower accuracy 
at short time 

intervals 

2 (Erickson 
et al. 2009) 

M Occupancy Agent-based; 
integrated 

eQuest 

Office US Optimize 
HVAC loads 

with 
occupancy-

based energy 
control 

Poor fit of 
occupancy 
estimation 

(20% error, but 
shown to have 
low impact); 
relatively low 

possible savings 
2 (Liao, Lin, 

and 
Barooah 
2012) 

M Occupancy Agent-based; 
validated 

Office US Relates with 
former state 

[Feng]; parallel 
low-complexity 
model based on 

covariance 
graphical model 

framework; 
improves Page's 

model 

Much 
information in 
an instance 
[Feng]; high 

complexity; not 
suited for real-
time occupancy 
estimations; no 

clear 
integration 

2 (Feng, 
Yan, and 

Hong 2015) 

S Occupancy Cumulative 
and 

probability 
distribution 

function 

Office - Various 
occupancy 

levels 
integrated; 
flexible and 

extensible, ease 
of updates or 
maintenance 

Occupancy 
only; 

complexity 

   

Existing models of adaptive behaviors 

Table B.2: Review of available adaptive behaviors models according to: level of complexity; reference; 
simulation or modeling framework; type of behavior; building type; location; pros; cons 

Complexi
ty 

(0=non-
probabilis

tic, 
1=probab

ilistic, 
2=agent-

based 
models) 

Author(s) 
year [Ref.] 

Model 
(M) or 
Simulat

ion 
framew
ork (S) 

Type of 
behavior 

Keywords 
Building 

Type 
Location Pros Cons 
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1 (Hunt 
1979) 

M Lighting 
control 

Probit 
analysis; 

integrated 
ESP-r and 
EnergyPlus 

Office and 
school 

UK Pioneer 
field-based 
stochastic 
modeling; 
function of 
work plane 
illuminance 

No combination 
with other 

control laws 
(e.g. dimming, 

occupancy 
sensors) 

1 (Newsha
m 1995) 

M Lighting 
control + 
occupancy 

Markov chain; 
not validated 

Office CA Function of 
work plane 
illuminance; 
variety of 
lighting 
controls 

Switch-on 
events during 
occupation 
period not 
considered 

1 (Degelma
n 1999) 

M Lighting 
control 

Monte Carlo; 
integrated 

ENER-WIN 

Office and 
university 

US, JP Energy 
saving 

potential 
with 

sensors/dim
mers 

Not calibrated; 
no real utility 

records 

1 (Richards
on, 

Thomson, 
and 

Infield 
2008) 

M Lighting 
control + 
occupancy 

Markov chain 
non-

homogeneous 
2 states MC; 

partially 
validated; 

implemented 
Excel 

Household UK Active/inact
ive users; 
sharing 

behavior; 
combined 

with activity 
model; free 
download 

Only 
classification 

weekdays/week
ends and 

people/househo
ld 

1 (Widén, 
Nilsson, 

and 
Wäckelgå
rd 2009) 

M Lighting 
control + 
occupancy 

Markov chain 
non-

homogeneous 
3 states MC; 

validated 

Household JP Absent/pres
ent 

inactive/pre
sent active 

user 

Old (‘96) TUS; 
problems in 
night-time 

demand data 
collection; 

lighting sharing 
not included 

2 (Stokes, 
Rylatt, 

and 
Lomas 
2004) 

M Lighting 
control 

Bottom-up; 
Object-based; 

validated 

Household UK Fine time-
scale (1 
min); 

flexible 
model design 
(single/multi

ple 
dwellings); 
aggregated 
demands 

Old (’96-‘97) 
TUS; 

dependence on 
large amount of 

input 
data/assumptio
ns; complexity 

1 (Zhou et 
al. 2015) 

M Lighting 
control 

Poisson and 
normal 

distribution; 
validated for 

weekdays 

Office CN, HK Considers 
time-varying 
nature peak 

usage; 
uncertainties 
in occupant 

behavior 
(main 
driver) 

Case specific 
(large offices 

with no 
daylight 
control) 

1 (C. Wang 
et al. 
2016) 

M Lighting 
control 

Weibull 
distribution as 
probabilistic 

function; 
Stevens’ 

power law 

Office CN General 
mathematica
l formula for 
relating OB 
in response 

to 
environment

al 
conditions; 
lightweight; 

Tested with 
single 

environmental 
factor; not 
validated; 
requires 

estimation of 
parameters; 4 
months only; 
one office only 
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can be 
extended 

1 (C. 
Reinhart 
and Voss 

2003) 

M Lighting 
and shades 

control 

Decision tree 
including 
logistic 

regression; 
integrated 

Lightswitch 
Wizard, 

DAYSIM, 
ESP-r and 

EnergyPlus; 
Ligtswitch200

2 

Office CA Function of 
occupancy/
work plane 
illuminance; 
active/passi

ve user; 
switching 
actions 

depend on 
random 

probability; 
blinds 
control 

function of 
glare risk; 
improves 

Newsham et 
al.’s model 

Fixed profiles 
7h45-18h15; 

presence 
overestimation 
(no absences 
apart from 
break); no 

intermediate 
switch-off; 
blinds fully 

open or closed; 
no thermal 

considerations 
for blinds 
activation 

1 (Newsha
m 1994) 

M Lighting 
and shades 

control 

Markov chain; 
not validated 

Office CA Function of 
work plane 
illuminance; 
variety of 
lighting 
controls 

Switch-on 
events during 
occupation 
period not 
considered 

1 (Mahdavi 
et al. 
2008) 

M Lighting 
and shades 

control 

Linear 
regression 

Office and 
university 

A Mentions 
different 

models are 
needed for 
different 
buildings; 
calculates 
savings 

potential 

Dependency on 
dataset; only 

occupancy and 
few 

environmental 
triggers 

considered 

1 (Haldi 
and 

Robinson 
2010) 

M Shades 
control 

Markov chain 
MC; validated 

Office CH Initial blind 
status, 

indoor/outd
oor 

illuminance 
input to 
Markov 
process; 
separate 

sub-models 
for chosen 

shaded 
fraction 

Single 
configuration of 

blinds 

1 (Fritsch 
et al. 
1990) 

M Windows 
opening 

Markov chain; 
validated 

Office CH Window 
opening 
angle; 

function of 
Tout 

High 
dependence on 

time series; 
winter only 

1 (Geun 
Young 

Yun and 
Steemers 

2008) 

M Windows 
opening 

Logistic 
regression; 
validated; 
integrated 
ESP-r and 
EnergyPlus 

Office UK Function of 
Tin, time of 

day, 
previous 
window 
state; 

separate 
sub-models 
for WO at 

arrival, 
departure, 

Summer only; 6 
offices only; 
considers 
natural 

ventilation 
behavior but 

not 
exhaustively; 
diversity not 

explicitly 
considered 
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during 
occupancy 

1 (Rijal et 
al. 2008) 

S Windows 
opening 

Logistic 
regression; 
validated; 
integrated 
ESP-r and 
EnergyPlus 

Office UK Function of 
Tout and Tin 
(to include 
building 
design); 

active/passi
ve user; 
develop 
robust 
design 

solutions 

Old (’96-‘97) 
TUS; not clear 

how Tout is 
considered; 

window 
opening dead 
band needs 
revision; no 
diversity 

1 (Herkel, 
Knapp, 

and 
Pfafferott 

2008) 

M Windows 
opening 

2 stochastic 
processes for 
occupancy 

and window 
opening; sub-

models 
arrival, 

occupancy, 
departure 

Office DE Correlation 
with season; 

used to 
assess 

robustness 
of natural 
ventilation; 

most 
openings at 

arrival 

Only predicts 
windows status; 

lacks 
generalization; 
no diversity 

1 (Yun, 
Tuohy, 

and 
Steemers 

2009) 

M Windows 
opening 

Markov chain 
non-

homogeneous 
Monte Carlo 
with logistic 
regression 

Office UK Passive, 
medium and 

active 
occupant 

classification
; light, 

medium, 
heavy 

thermal 
mass; 

comparison 
with 

Humphreys’ 
algorithm 

Single-person, 
single-sided 

natural 
ventilation 
office only; 

summer only 

1 (Haldi 
and 

Robinson 
2009) 

M Windows 
opening 

Markov chain 
with logistic 

regression and 
survival 
analysis; 

integration 
possible in 
any BES; 
validated 

Office CH Extensive (7 
yrs.) 

measuremen
ts; function 
of Tout, Tin, 
humidity, 

wind speed; 
refinement 
active/passi
ve; extensive 

cross-
validation 

No extensive 
elaboration on 

BES 
integration; 
building-
specific 

calibration; 
windows angle 
opening needs 
refinement; 
diversity not 

explicitly 
considered 

1 (Schweike
r et al. 
2012) 

M Windows 
opening 

Bernoulli and 
Markov chain 

Household CH, JP Comparisons 
with Haldi 

and 
Robinson 
2009 and 

Rijal et al. 
2007 

Issues with 
external 

calibration; 
poor window 
use prediction 

of models 
calibrated from 
Swiss data for 

Japan 
1 (Zhang 

and 
Barrett 
2012) 

M Windows 
opening 

Probit model Office UK Considers 
orientation; 

consider 
non-office 
spaces in 

No 
presence/absen
ce data; only 
one driver 

Tout<20C; only 
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office 
buildings 

one building; 
no validation 

nor integration 
in BES 

1 (R. 
Andersen 

et al. 
2013) 

M Windows 
opening 

Markov chain 
with logistic 
regression 
including 

interaction 
terms 

Household DK Considers 4 
groups of 
dwellings: 

owner-
occupied/ren

tal, 
naturally 

and 
mechanically 
ventilated 

Occupancy 
function of CO2 

levels; only 
data Jan to 

Aug 

1 (Haldi 
2013) 

M Window 
opening and 

shades 
control 

Markov 
process 

discrete-time; 
probabilities 
as mixed-

effects logistic 
model 

Office CH Improves on 
(Haldi and 
Robinson 

2009; Haldi 
and 

Robinson 
2010); 

considers 
distinction 
between 
fixed and 
random 
effects; 

considers 
inter-

individual 
variability 

Calibration 
must be 
improved 

1 (Fabi et 
al. 2014) 

M Windows 
opening 

Markov chain 
with logistic 
regression 
including 

interaction 
terms 

Office CZ Extensive 
range of 
measured 
variables 

No validation; 
some variables 
only monitored 
in some rooms 

1 (D’Oca 
and Hong 

2014) 

M Windows 
opening 

Logistic 
regression; k-

means 
clustering; 
association 

rule 

Office DE Identificatio
n of 

motivational
, opening 
duration, 

interactivity 
and opening 

position 
behavioral 
patterns 

No validation; 
one building 

only 

1 (Li et al. 
2015) 

M Windows 
opening 

Logistic 
regression; 

Monte Carlo 
simulation 

Office CN Multi-factor 
analysis 

with SPSS 
of relevant 

environment
al triggers 

One building 
only; weekdays 

during1.5 
months only; 
10000 runs 
needed; no 
reversal 

function; Tout 
only 

1 (Calì et 
al. 2016) 

M Windows 
opening 

Logistic 
regression 

Household DE One full 
year, 300 

windows, 60 
apartments, 

high 
resolution; 

model 
selection 

CO2 as main 
predictor 

difficult to 
simulate in 
BPS;  two 

models for each 
window (one 

for opening one 
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analysis 
based on 

AIC; room-
dependency 

for closing); 
lack of 

occupancy data 

1 (Barthel
mes et al. 

2017) 

M Windows 
opening 

Bayesian 
Networks 

Household DK Pioneer BN 
for OB 

modeling 

One apartment 
only 

2 (Alfakara 
and 

Croxford 
2014) 

S Windows 
opening + 

cooling 

Agent-based; 
integrated 

TAS 
 

Household UK Response to 
summer 

overheating 

Agents’ actions 
(lighting, 
windows, 

cooling,…) fed 
to BS model 

every time step; 
only 2 

occupants 
1 (D’Oca et 

al. 2014) 
M Windows 

opening + 
thermostat 

Markov chain 
with logistic 
regression; 
integrated 
IDA Ice 

Household DK Active/medi
um/passive 

user; 
compares 5 
scenarios 

from 
deterministic 

to 
probabilistic 

No comparison 
with measured 
values; case 

specific 

1 (Gunay 
et al. 
2018) 

M Thermostat 
setting 

Markov chains 
discrete-event 
with logistic 
regression 

Office CA Comparison 
with Markov 

chains 
discrete-

time; actual 
implementat

ion 

Dependency on 
the dataset; 
cannot be 
generalized 

Existing models of non-adaptive behaviors 

Table B.3: Review of available non-adaptive behavior models according to: level of complexity; 
reference; simulation or modeling framework; type of behavior; building type; location; pros; cons 

Complexi
ty 

(0=non-
probabilis

tic, 
1=probab

ilistic, 
2=agent-

based 
models) 

Author(s) 
year [Ref.] 

Model 
(M) or 
Simulat

ion 
framew
ork (S) 

Type of 
behavior 

Keywords 
Building 

Typr 
Location Pros Cons 

1 (Capasso 
et al. 
1994) 

M Load Bottom-up; 
adds power 
demand of 
individual 
appliances; 
partially 
validated 

Househol
d 

I DSM 
application; 
accuracy; 

aggregation 
and 

ownership 

High 
dependence on 
outdated (’88-

’89) data; 
complexity of 
input data 

1 (Paatero 
and Lund 

2006) 

M Appliance 
electricity 
demand 

Bottom-up; 
statistical 

mean values 
and general 

Househol
d and 
Office 

FI 10000 
households; 
application 
to simple 

DSM 

Partly 
overlapping 
datasets for 
statistical 

analysis, model 
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statistical 
distributions 

training and 
verification; no 

time-based 
pricing for 

DSM; needs 
stronger 

validation 
2 (Tanimot

o, 
Hagishim

a, and 
Sagara 
2008a) 

M Load Agent-based; 
validated 

Househol
d 

JP Public 
statistical 

data 
(improves 

Page et al.’s 
model); 

coupled with 
load 

calculation 

Complexity (32 
activities); only 
summer, only 
cooling loads; 
needs further 

validation 

0 (Gaceo, 
Vázquez, 

and 
Moreno 
2009) 

M Load Artificial 
Neural 

Network; 
integrated 
TRNSYS; 

ESOM 

Househol
d 

E Comparison 
with Spanish 

Technical 
Code for 
Buildings 
(CTE); 

extensive 
data 

No comparison 
with real data; 
overall unclear 

0 (Armstro
ng et al. 
2009) 

M Load Bottom-up; 
profiles 

derived by 
measured 

data; 
validated 

Househol
d 

CA Considers 
system 

performance 
in 

cogeneration
; typical 

households 
function of 
demand 

Limited 
available 

information; 
underestimatio
n of base-loads; 

does not 
consider HVAC 

2 (Richards
on et al. 
2010) 

M Appliance 
usage and 
electricity 

Bottom-up Househol
d 

UK 22 domestic 
dwellings 
data for 

validation; 
Occupancy 

as in 
(Richardson, 
Thomson, 
and Infield 

2008) 

Dependence on 
TUS; building 

thermal 
behavior not 

included 

0 (Gottwalt 
et al. 
2011) 

M Load Bottom-up Househol
d 

DE Includes 
time-based 
pricing for 

DSM 

Dependence on 
dataset; 

avalanche 
effects 

(simultaneous 
shifting of 

appliance runs 
to cheaper 

hours) 
0 (Buso, 

D’Oca, 
and 

Corgnati 
2014) 

M Load Calibrated 
realistic 

schedules; 
validated; 
integrated 
IDA Ice 

Househol
d 

I Comparison 
with 

UNI/TS 
11300; issue 
of system 

sizing 

1 key user; data 
from 1 

dwelling; no 
data for DHW 
and heating; 
case-specific; 
based on past 

history of 
consumption 

0/1 (Mahdavi
, 

Tahmase

S Plug loads Linear 
regression and 

Office A Compare 
deterministic 

and 

One office 
building only; 
mobility factor 
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bi, and 
Kayalar 
2016) 

Weibull 
distribution 

probabilistic 
approaches 

from previous 
publications 

1 (Yilmaz, 
Firth, 
and 

Allinson 
2017) 

M Appliance 
usage 

Inverse 
transform 

sampling; cdfs 
(appliance 

duration) and 
pdfs (switch-

on) 

Househol
d 

UK Compares 
two 

approaches; 
16 appliance 

types; 
considers 
variation 
within 

individual 
households 

No comparison 
among various 
households; no 

DSM 
application 

1 (Jordan 
and 

Vajen 
2001) 

M DHW Use Bottom-up; 
statistical 

mean values 
and Gaussian 
distribution; 
integrated 
TRNSYS 

Househol
d 

CH Multiple 
configuratio

ns 
considered; 
multiple 
data-

aggregation 
predictive 

ability 
comparison 

Low fractional 
energy savings 
(3%) due to 
realistic load 

profiles 

1 (Kazmi et 
al. 2016) 

M DHW Use Markov 
decision 
process 
(MDP), 

polynomial 
regression 

Househol
d 

NL Propose 
control 

strategy for 
optimized 
DHW use; 
lightweight 
algorithm 

6 households 
only; significant 
differences in 

mean and 
variance of 
flexibility 

Existing models of comprehensive occupant behavior 

Table B.4: Review of available comprehensive OB models according to: level of complexity; reference; 
simulation or modeling framework; type of behavior; building type; location; pros; cons 

Complexi
ty 

(0=non-
probabilis

tic, 
1=probab

ilistic, 
2=agent-

based 
models) 

Author(s) 
year [Ref.] 

Model 
(M) or 
Simulat

ion 
framew
ork (S) 

Type of 
behavior 

Keywords 
Building 

Type 
Location Pros Cons 

1 (Nicol 
2001) 

M User 
behavior 
(windows, 

lights, 
blinds, 

heaters and 
fans use) 

Logistic 
regression 

Office 
and 

househol
d 

F, GR, 
P, 

PAK, 
S, UK 

Function of Tout 
and Tin; first 

coherent prob. 
distribution for 
windows’ state 

Survey in form 
of charts; no 
consideration 

design, systems 
etc. 

1 (Yamagu
chi, 

Shimoda, 
and 

Mizuno 
2003) 

M User 
behavior 

Markov chain Office - Realistic 
presence/absenc

e; 4 working 
states; 

cogeneration; 
costs and 

2 buildings’ 
combinations 

only; not based 
on TUS; not 
clear if whole 
year or 1 day; 
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energy saving 
strategies 

long absences 
neglected 

1 (Pfafferot
t and 
Herkel 
2005) 

M User 
behavior 

Monte Carlo; 
integrated 

ESP-r 

Office DE Considers 
passive cooling 

specifically 

Adiabatic 
boundary 
conditions 

between rooms; 
data for 42 

days 
2 (Bourgeoi

s, 
Reinhart, 

and 
Macdonal
d 2006) 

S User 
behavior 
(lights, 
blinds, 

windows 
and 

equipment 
use) 

Object-based; 
integrated 

ESP-r; 
SHOCC 

Office CA, I Self-contained 
simulation 

module; fully 
expandable; 
improves 

Nicol’s and 
Reinhart’s 

models 

No advanced 
solar shading; 

lacks flexibility; 
deterministic 
definition of 
passive users 

2 (Zimmer
mann 
2007) 

M User 
behavior 

Agent-based; 
validated; 
integrated 

BES 

Office US First agent-
based 

application; 
satisfactory fit; 

whole office 
building 

Building/servic
e/control 

models need 
refinement; 

activity 
patterns need 
validation; 

lacks 
generalization 

2 (Tanimot
o, 

Hagishim
a, and 
Sagara 
2008b) 

M User 
behavior 

Agent-based; 
validated 

Househol
d 

JP Pioneers of 
TUS data use; 

considers 
electricity and 

DHW 

 

1 (Haldi 
and 

Robinson 
2008) 

M User 
behavior 

Logit analysis; 
integrated 
EnergyPlus 

Office CH Function of 
work plane, 

outdoor 
illuminance and 

occupancy; 
covers many 
activities; 

personal/enviro
nmental 

adaptation 

No reversal of 
adaptive 
behavior; 

function of Tout 
and Tin only 

2 (Tabak 
and de 
Vries 
2010) 

M Activities Agent-based 
MC 

Office NL Many activities; 
realistic events; 

whole office 
building 

Very building 
specific input; 

lacks 
generalization 

1 (Widén 
and 

Wäckelgå
rd 2010) 

M Activities Markov chain 
non-

homogeneous 
MC; validated 

Househol
d 

S Balanced 
complexity/out

put quality; 
considers 
various 

household types 

Only covers 
electricity 
demand; 

limited TU 
data 

2 (Azar 
and 

Menassa 
2010) 

M User 
behavior 

Agent-based; 
integrated 

eQuest 

Universit
y 

US Includes change 
over time by 
considering 

word-of-mouth 

No extensive 
description of 
used agent-

based model; 
similarity 
among 

scenarios 
1 (Parys, 

Saelens, 
and Hens 

2011) 

S User 
behavior 

Markov chain 
MC; 

integrated 
TRNSYS 6 

Office B Holistic 
approach; 
improves 

Bourgeois et 
al.’s model 

Built-in error 
from choice of 
drivers (not 
exhaustive); 

not validated; 
modest change 
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in energy 
consumption 
due to OB (in 
contrast with 
other studies) 

2 (Robinso
n, Wilke, 
and Haldi 

2011) 

S User 
behavior 

Agent-based CH Basis for future 
simulation at 
various scales 
(from building 

to urban) 

Huge amount 
of info needed; 

not clear if 
integrated; not 
clear if fully 
developed 

1 (Yamagu
chi, 

Tanaka, 
and 

Shimoda 
2012) 

M User 
behavior 

Markov chain; 
modified 

Tanimoto’s 
approach 
(Roulette 
Selection) 

Househol
d 

JP Considers 
weekday, 
Saturday, 
holiday; 

electricity 
consumption; 
27 behaviors; 

compare 
different 
modeling 

approaches 

Model 
underestimates 

changes in 
behavior; 
unclear 

integration 
BES 

2 (Wilke et 
al. 2013) 

M Activities + 
occupancy 

Logit analysis 
multinomial; 
Markov chain 
higher-order 
pre-process; 

Weibull 
distribution 

survival 
analysis;  
validated 

Househol
d 

F Assigns 
duration at the 

start of new 
occupancy 

state; activities 
function of 

week day, 17 
socio-

demographic 
variables 

No 
simultaneous 
activities; no 

electrical/water 
appliances 

2 (Lee and 
Malkawi 

2014) 

M User 
behavior 

Agent-based Office US Considers 
optimized 

behaviors and 
sensitivity to 

different 
climate 

conditions 

1 agent; no 
validation; no 

calibration 

2 (Chapma
n, 

Siebers, 
and 

Robinson 
2014) 

S User 
behavior 

Agent-based; 
integrated 
EnergyPlus 

Office 
and 

Househol
d 

UK Comparison 
with 

deterministic 
simulation 

(window model 
most impact on 

difference); 
coherent, 
general, 

extensible 

No validation; 
not yet DHW, 

appliances, 
HVAC 

setpoints, 
interactions 

among agents 

2 (Rysanek 
and 

Choudhar
y 2015) 

S User 
behavior 

Object-based; 
not validated; 

integrated 
TRNSYS, 

EnergyPlus; 
tool 

DELORES 

- - Ease of use 
comparable/bet

ter than 
deterministic 

approach; 
straight-forward 

Stand-alone 
software (not 
clear influence 

of 
environment); 
time step 1h; 
no relation 

lights/occupant
s; no clustering 
holiday periods; 
lighting method 
not established 
nor validated 
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1 (Gunay 
et al. 
2014) 

S User 
behavior 

Logit analysis; 
integrated 
EnergyPlus 

Office CA Overcome 
conceptual 

problem that 
occupant 

actions are 
discrete events 

Probability of 
adaptive 

behavior always 
non-zero 

2 (Langevin
, Wen, 
and 

Gurian 
2014) 

S User 
behavior 

Agent-based; 
integrated 
EnergyPlus 

with BCVTB; 
HABIT 

Offce US Considers 
energy and 

thermal 
comfort; 

multiple zones, 
offices 

Interaction 
between EP 

simulation and 
MATLAB 

behavior model 
takes place at 

every time-step; 
multiple runs 

needed 
(probabilistic 

nature) 
1 (Schweike

r and 
Wagner 
2016) 

M User 
behavior 

Multivariate 
logistic 

regression and 
linear mixed 
effects models 

Office DE Considers 
interactions 

among 
occupants; 
highlights 
differences 

between single 
and multi-

person office; 
comparison 

with Langevin 
and Haldi and 

Robinson 
models 

Lab 
environment 
(comparison 
with field 
studies are 
necessary); 

subject sample 
not 

representative 
(students) 

1 (Haldi et 
al. 2017) 

M User 
behavior 

Markov chain 
with 

generalized 
linear mixed 
effects models 

Office 
and 

Househol
d 

CH, 
DE, 
DK 

Accounts for 
inter-individual 
diversity with 

regard to 
windows, 

shading devices 
and lighting 

operation; clear 
equations and 
coefficients 

High 
complexity; 
calibration 

needs further 
strengthening 
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Appendix C: Mathematical formulation of Mann-Whitney U test 

The Mann-Whitney U test (also called the Mann–Whitney–Wilcoxon (MWW), Wilcoxon rank-
sum test, or Wilcoxon–Mann–Whitney test) is a nonparametric test of the null hypothesis that 
it is equally likely that a randomly selected value from one sample will be less than or greater 
than a randomly selected value from a second sample. In practice, the test is used to assess 
whether two independent groups are significantly different from each other. In this research, the 
difference among the two groups concern the assumption made for a specific OB aspect. The 
output of all models characterized by a given OB aspect modeled according to Pattern A (see 
Chapter 5) is compared with the output of all models characterized by the same OB aspect 
modeled according to Pattern B. The test is often performed as a two-sided test, which means 
that the research hypothesis indicates that the populations are not equal, as opposed to 
specifying directionality. A one-sided research hypothesis is used for detecting a positive or 
negative shift in one population as compared to the other. 

Unlike its parametric equivalent, the t-test, the Mann-Whitney test does not make an 
assumption about the distribution of a population (i.e. that the sample came from a normally 
distributed population). Instead, the Mann-Whitney U test is characterized by the following 
assumptions: 

― The sample drawn from the population is random; 
― Independence within the samples and mutual independence is assumed. This means 

that an observation is in one group or the other (it cannot be in both); 
― Ordinal measurement scale is assumed. 

To test the null hypothesis, a U statistic is obtained and then converted to an equivalent p value. 
The U statistic is the smaller of U1 and U2 calculated as follows 

	        (C.1) 

	        (C.2) 

where  

U1 = Mann-Whitney U test statistic sample 1 

U2 = Mann-Whitney U test statistic sample 2 
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n1 = sample size 1 

n2 = sample size 2 

R1 = Sum of the ranks for group 1 

R2 = Sum of the ranks for group 2 

Once the value of U is known, statistical tables (see Table C.1) should be used to find the 
probability of observing a value of U or lower. If the test is one-sided, this probability equals to 
the p-value; if the test is a two-sided test, the p-value is the double of this probability. 

If the number of observation is such that n1n2 is large enough (> 20), the sampling distribution 
of the U statistic approaches a normal distribution. Hence, the U statistic will be accompanied 
by a z value (normal distribution variate value), calculated by means of formula 5A.2 

	
        (C.3) 

Table C.1: Critical values of the Mann-Whitney U (two-tailed testing) up to n1=20 and n2=20 for 95% 
and 99% confidence levels (α=0.05 and α=0.01, respectively) 
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In this research, the Mann-Whitney U test is implemented by means of the ranksum function 
of Matlab. p = ranksum(x,y) returns the p-value of a two-sided Wilcoxon rank sum test. 
ranksum tests the null hypothesis that data in x and y are samples from continuous 
distributions with equal medians, against the alternative that they are not, at the default 5% 
significance level. The p-value of the test, returned as a positive scalar from 0 to 1, is the 
probability of observing a test statistic as or more extreme than the observed value under the 
null hypothesis.  
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Appendix D: Mann-Whitney U test for heating energy and WOH 

Sensitivity analysis of heating energy to occupant behavior 
The sensitivity analysis of heating energy use to occupant behavior for building variants 1 – 16 
shows that all variants are sensitive to heating setpoint and HVAC use. Building variants 1 and 
8 are sensitive to occupant’s presence. Building variant 1 (low WWR, high thermal insulation, 
high PD) is sensitive to equipment use. Variants 1 – 3, 5, 7 and 9 – 15 are sensitive to light use, 
confirming the hypothesis that the energy consumption of variants with low thermal insulation 
and low PD is less affected by internal gains. Building variants 13 – 15, characterized by high 
WWR in Rome, are affected by cooling setpoint. Window use is non-influential for heating 
energy in all buildings but variant 13, located in Rome with high WWR, well-insulated envelope 
and high PD. Building variants 4, 7 and 8 (all characterized by high SHGC) are sensitive to 
blind use (see Fig. D.1).  
 

 
Fig. D.1: Sensitivity of heating energy use to various occupant behavior aspects for all building variants 
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Sensitivity analysis of weighted overheating hours (WOH) to occupant behavior 
Only building variants 7, 8 and 9 to 16 were within the scope of the sensitivity analysis, as for 
all other variants it was assumed that the influence of OB did not cause reaching the assumed 
threshold. For WOH, no building variant is sensitive to heating setpoint temperature or 
equipment use. Instead, all building variants are sensitive to HVAC use. Building 9, 10, 12, 14 
and 16 are sensitive to occupants’ presence. Building variants 11 and 13 are sensitive to light 
use. The cooling temperature setpoint significantly affects the WOH only for building variants 
characterized by high thermal insulation in Rome, WWR=80%, while blind use is relevant for 
all variants with low thermal insulation. Building variants 7, 11, 12, 13, 15 and 16 are sensitive 
to window use when it comes to overheating hours (see Fig. D.2). 
 

 
Fig. D.2: Sensitivity of weighted overheating hours (WOH) to various occupant behavior aspects for 

building variants 7 – 16 
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Appendix E: Stochastic models implemented in Chapter 5 

In Chapter 5, three stochastic models were implemented in the EnergyPlus model to represent 
the adaptive behavior of occupants in respect to light switching, window operation and blind 
operation. The models consist of parameters mimicking the behavioral tendency of occupants, 
mostly based on observations. Once the parameters representing the behavior models are 
generated, the probability of undertaking these behaviors in the next time-step (i.e. discrete-
time Markov) or finding an adaptive state in the active position (i.e. Bernoulli) is computed 
during the simulation via a logistic function such as: 
 

| ,  or |  = 	 	∑

	 	 	∑
     (E.1) 

 
where S is the adaptive state, t is the time step index, a and ,…,  are the parameters of the 
models, and ,…,  are the predictors of the models. As mentioned in Section 2.2, a random 
number [0,1] is then generated and compared with the probability of undertaking an action 
estimated by the model. If the estimated probability exceeds the random number, the action is 
undertaken. 
The predictors of the models are de facto output variables computed at each simulation time-
step, and they are known as sensors in EMS language. The adaptive states (e.g., lights are 
on/off, occupants are present/absent) are the outcome of the model, and they are referred to as 
actuators. According to the actuators, the simulation is run and new output variables (or 
sensors) are produced at each simulation time step. Fig. E.1 illustrates the dependency between 
EMS sensors, OB models, and EMS actuators during the EnergyPlus simulation. 

EMS 
Sensors

OB Models

EMS 
Actuators

EnergyPlus 
simulation

 

Fig. E.1: Illustration of the data exchange enabling the implementation of OB models in EnergyPlus EMS 
at each simulation time step 
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Reinhart’s Lightswitch-2002 model (Reinhart 2004) 

The Lightswitch-2002 model uses as input measured or simulated 5-min annual profiles of 
occupant presence and workplane illuminances due to daylight. Fig. E.2 shows the basic 
functioning of the algorithm. This model improved on the Hunt model (Hunt 1979) by 
considering different light switch behaviors depending on the occupancy status, i.e. at arrival or 
during intermediate presence. Fig. E.2 also shows how the occupants are expected to switch off 
the lights only upon departure. The model does not consider the possibility of switching off the 
lights during intermediate presence, even if the daylight thresholds would allow it. 
 

Is the 
space already 

occupied?

Are lights 
switched on?

Are lights 
switched on?

Does 
the occupant 

arrive?

no

no yes

Stochastic process: 
switch on probability 

at arrival

Switch lights on

yes

Stochastic process: 
switch off probability 

at arrival

Switch lights off

yes

yes

Does 
the occupant 

leave?

Does 
the occupant 

leave?

no yes

Stochastic process: 
intermediate switch 

on probability

Switch lights on

Stochastic process: 
switch off probability 

at departure

Switch lights off

Is P > R? Is P > R?

yes yes yes yes

nono

Is P > R? Is P > R?no no

Does 
the occupant 

arrive?

no

no yes

yes

 

Fig. E.2: Lightswitch model by Reinhart as implemented in this research 

 
The EMS code used to run this stochastic model in EnergyPlus is reported below. The stochastic 
processes and their integration in the BPS deterministic model are highlighted through 
comments. 
 
  EnergyManagementSystem:Program, 
    LightSwitchOnReinhart,   !- Name 
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    if arr_event == 1,       !- Program Line 1 % <--Arrival event 
    set handle=A2+B2*daylight,  !- Program Line 2 % <--Model parameters (A2; B2) and predictor/sensor 
(daylight) 
    set handle=@Exp handle,  !- A4 
    set handle=handle/(handle+1),  !- A5 % <--Logistic function 
    set R=@RandomUniform 0 1,!- A6 % <--Random number generation for stochastic model implementation 
    if handle>R,             !- A7 % <--Comparison of logistic function with random number 
    set Light_EMS=1,         !- A8 % <--Actuator 
    endif,                   !- A9 
    endif,                   !- A10 
    if Num_People>0 && daylight<240,  !- A11 % <--During intermediate occupancy 
    set handle=A3+B3*daylight,  !- A12 
    set handle=@Exp handle,  !- A13 
    set handle=handle/(handle+1),  !- A14 
    set R=@RandomUniform 0 1,!- A15 
    if handle>R,             !- A16 
    set Light_EMS=1,         !- A17 % <--Actuator 
    endif,                   !- A18 
    endif;                   !- A19 
 
EnergyManagementSystem:Program, 
    LightSwitchOffReinhart,  !- Name 
    if CurrentTime<17,       !- Program Line 1 
    set handle=A4+B4*C2,     !- Program Line 2 
    else,                    !- A4 
    set handle=A4+B4*12*60,  !- A5 
    endif,                   !- A6 
    set handle=@Exp handle,  !- A7 
    set handle=handle/(handle+1),  !- A8 % <--Logistic function 
    set R=@RandomUniform 0 1,!- A9 % <--Random number generation for stochastic model implementation 
    if dpt_event==1,         !- A10 % <--Departure event 
    if handle>R,             !- A11 % <--Comparison of logistic function with random number 
    set Light_EMS=0,         !- A12 % <--Actuator 
    endif,                   !- A13 
    endif;                   !- A14  

 
set A2=@RandomNormal 1.6 0.1 1 2,  !- A5 
set B2=@RandomNormal 0-0.009 0.002 0-1 0,  !- A42 
set A3=@RandomNormal 0-3.9 0.1 0-5 0,  !- A6 
set B3=@RandomNormal 0-0.002 0.0005 0-1 0,  !- A43 
set A4=@RandomNormal 0-1.3 0.01 0-5 0,  !- A7 
set B4=@RandomNormal 0.006 0.0001 0 1,  !- A44 
set C2=@RandomNormal 1 0.25 0 1.5,  !- A90 

Haldi and Robinson window operation model (Haldi and Robinson 2009) 

The window operation model proposed by Haldi and Robinson is a hybridized model, which 
includes a discrete-time Markov model for the prediction of openings and a Weibull distribution 
to predict opening durations. The action probability functions differ according to the occupancy 
status, i.e. if the occupant arrives, during intermediate presence, and if the occupant departs. 
The Haldi and Robinson’s window operation model uses as input 5-min resolution occupant 
presence status, indoor and outdoor temperature and rainfall. The main challenge is to 
dynamically predict the indoor temperature, resulting from previous actions on windows and the 
associated impact of their induced airflows. It is worth noting how this challenge is overcome by 
using an airflow model that resolves for wind and buoyancy pressures.  
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The model does not consider different window angles. Fig. E.3 shows the basic functioning of 
the algorithm. 

What is the 
occupant presence 

status?

Arrival Intermediate Departure

Is the 
window open?

Is the 
window open?

Is the 
window open?

Draw opening time
Stochastic process: 

window opening 
probability at arrival

Decrement opening 
time

Stochastic process: 
intermediate window 
opening probability

Stochastic process: 
window closing 
probability at 

departure

Stochastic process: 
window opening 

probability at 
departure

yes no yes no yes no

Opening time 
< timestep?

Is P > R?

Close window Open window Close window Open window Close window Open window

no yes no yes yesyes

Is P > R? Is P > R? Is P > R?
Opening time 
< timestep?

yes no yes no no no

 
Fig. E.3: Window operation model by Haldi and Robinson as implemented according to (Gunay, O’Brien, 

and Beausoleil-Morrison 2016) 

 
The EMS code used to run the Haldi and Robinson stochastic window operation model in 
EnergyPlus is reported below. The stochastic processes and their integration in the BPS 
deterministic model are highlighted through comments. 
 
EnergyManagementSystem:Program, 
    Window_Haldi_2009,       !- Name 
    if arr_event==1 && Tout>15,  !- Program Line 1 % <--Arrival event and outdoor T threshold 
    set handle=A15+B15*Tin+B18*Tout+B21*Rain,  !- Program Line 2 % <--Model parameters (A15; B15; B18; 
B21) and predictors (indoor T; outdoor T; rainfall) 
    set handle=@Exp handle,  !- A4 
    set handle=handle/(handle+1),  !- A5 % <--Logistic function 
    set R=@RandomUniform 0 1,!- A6 % <--Random number generation for stochastic model implementation 
    if handle>R,             !- A7 % <--Comparison of logistic function with random number 
    set Window=1,            !- A8 % <--Actuator 
    endif,                   !- A9 
    endif,                   !- A10 
    if Num_People>0,         !- A11 % <--Window opening during intermediate occupant presence 
    set handle=A16+B16*Tin+B19*Tout+B22*Rain,  !- A12 
    set handle=@Exp handle,  !- A13 
    set handle=handle/(handle+1),  !- A14 
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    set R=@RandomUniform 0 1,!- A15 
    if handle>R,             !- A16 
    set Window=1,            !- A17 % <--Actuator 
    endif,                   !- A18 
    endif,                   !- A19 
    if arr_event==1,         !- A20 % <--Window closing at arrival 
    set handle=A18+B24*Tin+B27*Tout,  !- A21 
    set handle=@Exp handle,  !- A22 
    set handle=handle/(handle+1),  !- A23 
    set R=@RandomUniform 0 1,!- A24 
    if handle>R,             !- A25 
    set Window=0,            !- A26 % <--Actuator 
    endif,                   !- A27 
    endif,                   !- A28 
    if dpt_event==1,         !- A29 % <--Window closing at departure 
    set handle=A37+B48*Tin+B49*Tout,  !- A30 
    set handle=@Exp handle,  !- A31 
    set handle=handle/(handle+1),  !- A32 
    set R=@RandomUniform 0 1,!- A33 
    if handle>R,             !- A34 
    set Window=0,            !- A35 % <--Actuator 
    endif,                   !- A36 
    endif,                   !- A37 
    if Num_People>0,         !- A38 % <--Window closing during intermediate occupant presence 
    set handle=A19+B25*Tin+B28*Tout,  !- A39 
    set handle=@Exp handle,  !- A40 
    set handle=handle/(handle+1),  !- A41 
    set R=@RandomUniform 0 1,!- A42 
    if handle>R,             !- A43 
    set Window=0,            !- A44 % <--Actuator 
    endif,                   !- A45 
    endif;                   !- A46 

 
set A15=@RandomNormal 0-12 0.4 0-15 0,  !- A18 
set B15=@RandomNormal 0.31 0.02 0 1,  !- A55 
set B18=@RandomNormal 0.043 0.003 0 1,  !- A58 
set B21=@RandomNormal 0-0.45 0.11 0-2 0,  !- A60 
 
set A16=@RandomNormal 0-12.2 0.3 0-15 0,  !- A19 
set B16=@RandomNormal 0.28 0.01 0 1,  !- A56 
set B19=@RandomNormal 0.027 0.002 0 1,  !- A59 
set B22=@RandomNormal 0-0.34 0.08 0-2 0,  !- A61 
 
set A18=@RandomNormal 4 0.4 0 10,  !- A21 
set B24=@RandomNormal 0-0.29 0.02 0-1 0,  !- A63 
set B27=@RandomNormal 0-0.05 0.005 0-1 0,  !- A66 
 
set A37=@RandomNormal 0-1.520 0.051 0-5 0,  !- A40 
set B48=@RandomNormal 0.213 0.022 0-10 10,  !- A87 
set B49=@RandomNormal 0-0.091 0.061 0-10 10,  !- A88 
 
set A19=@RandomNormal 0-1.6 0.2 0-5 0,  !- A22 
set B25=@RandomNormal 0-0.05 0.01 0-1 0,  !- A64 
set B28=@RandomNormal 0-0.078 0.002 0-1 0,  !- A67 
 
 

Haldi and Robinson blind operation model (Haldi and Robinson 2010) 

The model for blind operation prediction takes pre-processed occupant presence states as an 
input, as well as indoor and outdoor illuminance. This model should then be coupled with a 
daylight model. Blind operation is permitted at any occupied time step. However, the probability 
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of raising blinds upon arrival is higher than during intermediate occupant presence. An 
important contribution of the Haldi and Robinson blind operation model is that the blinds are 
allowed to be partially open and/or closed, as opposed to previous models that considered fully 
raised/closed statuses only. Fig. E4 illustrates how the algorithm of this model works. 
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Fig. E.4: Blind operation model by Haldi and Robinson as implemented according to (Gunay, O’Brien, 
and Beausoleil-Morrison 2016) 

The EMS code used to run the Haldi and Robinson stochastic blind operation model in 
EnergyPlus is reported below. Also in this case, the stochastic processes and their integration in 
the BPS deterministic model are highlighted through comments. 
 
 
EnergyManagementSystem:Program, 
    Haldi_Blinds,            !- Name 
    set alpha=1.708,         !- Program Line 1 
    set unshadedfrac=1-blinds,  !- Program Line 2 
    if arr_event==1,  !- A4  
    set handle=A26+B31*daylight+B32*unshadedfrac,  !- A5  
    set handle=@Exp handle,  !- A6 
    set R=@RandomUniform 0 1,!- A7 
    set handle=handle/(handle+1),  !- A8 % <--Lowering probability at arrival 
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    if handle>R,             !- A9 
    set handle=A28+B35*E_glob+B36*unshadedfrac,  !- A10 
    set handle=@Exp handle,  !- A11 
    set handle=handle/(handle+1),  !- A12 % <--Probability to perform the action up to a full shaded 
fraction 
    set R=@RandomUniform 0 1,!- A13 
    if handle>R,             !- A14 
    set Blinds=1,            !- A15 % <--Lower blinds completely (actuator) 
    else,                    !- A16 
    set lambda=1.522*blinds-2.294,  !- A17 
    set lambda=@Exp lambda,  !- A18 
    set db = @RandomUniform 0 1,  !- A19 
    set db = @ln (1-db),     !- A20 
    set lambda = (lambda^alpha)*(0-1),  !- A21 
    set db=db*lambda,        !- A22 
    set db=db^(1/alpha),     !- A23 
    set db=db*100,           !- A24 
    set remainder=@Mod db 25,!- A25 
    set db=(db-remainder)/100,  !- A26 
    set db=@max 0.25 db,     !- A27 
    set blinds=@min blinds+db 1,  !- A28 % <--Draw shaded fraction (actuator) 
    endif,                   !- A29 
    endif,                   !- A30 
    endif,                   !- A31 
    if Num_People == 1,      !- A32 % <--Same for intermediate occupant presence 
    set handle=A27+B33*daylight+B34*unshadedfrac,  !- A33 
    set handle=@Exp handle,  !- A34 
    set handle=handle/(handle+1),  !- A35 % <--Lowering probability at intermediate occupant presence 
    set R=@RandomUniform 0 1,!- A36 
    if handle>R,             !- A37 
    set handle=A28+B35*E_glob+B36*unshadedfrac,  !- A38 
    set handle=@Exp handle,  !- A39 
    set handle=handle/(handle+1),  !- A40 % <--Probability to perform the action up to a full shaded 
fraction 
    set R=@RandomUniform 0 1,!- A41 
    if handle>R,             !- A42 
    set Blinds=1,            !- A43 % <--Lower blinds completely (actuator) 
    else,                    !- A44 
    set lambda=1.522*blinds-2.294,  !- A45 
    set lambda=@Exp lambda,  !- A46 
    set db = @RandomUniform 0 1,  !- A47 
    set db = @ln (1-db),     !- A48 
    set lambda = (lambda^alpha)*(0-1),  !- A49 
    set db=db*lambda,        !- A50 
    set db=db^(1/alpha),     !- A51 
    set db=db*100,           !- A52 
    set remainder=@Mod db 25,!- A53 
    set db=(db-remainder)/100,  !- A54 
    set db=@max 0.25 db,     !- A55 
    set blinds=@min blinds+db 1,  !- A56 % <--Draw shaded fraction (actuator) 
    endif,                   !- A57 
    endif,                   !- A58 
    endif,                   !- A59 
    if arr_event==1,  !- A60 
    set handle=A29+B37*daylight+B38*unshadedfrac,  !- A61   
    set handle=@Exp handle,  !- A62 
    set R=@RandomUniform 0 1,!- A63 
    set handle=handle/(handle+1),  !- A64 % <--Raising probability at arrival 
    if handle>R,             !- A65 
    set handle=A31+B41*E_glob+B42*unshadedfrac,  !- A66 
    set handle=@Exp handle,  !- A67 
    set handle=handle/(handle+1),  !- A68 % <--Probability to perform the action up to a full unshaded 
fraction 
    set R=@RandomUniform 0 1,!- A69 
    if handle>R,             !- A70 
    set Blinds=0,            !- A71 % <--Raise blinds completely (actuator) 
    else,                    !- A72 
    set db = @RandomUniform 0 1,  !- A73 
    set db=db*100,           !- A74 
    set remainder=@Mod db 25,!- A75 
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    set db=(db-remainder)/100,  !- A76 
    set blinds=@max blinds-db 0,  !- A77 % <--Draw shaded fraction (actuator) 
    endif,                   !- A78 
    endif,                   !- A79 
    endif,                   !- A80 
    if Num_People == 1,      !- A81 % <--Same for intermediate occupant presence 
    set handle=A30+B39*daylight+B40*unshadedfrac,  !- A82 
    set handle=@Exp handle,  !- A83 
    set handle=handle/(handle+1),  !- A84 % <--Raising probability at intermediate occupant presence 
    set R=@RandomUniform 0 1,!- A85 
    if handle>R,             !- A86 
    set handle=A31+B41*E_glob+B42*unshadedfrac,  !- A87 
    set handle=@Exp handle,  !- A88 
    set handle=handle/(handle+1),  !- A89 % <--Probability to perform the action up to a full unshaded 
fraction 
    set R=@RandomUniform 0 1,!- A90 
    if handle>R,             !- A91 
    set Blinds=0,            !- A92 % <--Raise blinds completely (actuator) 
    else,                    !- A93 
    set db = @RandomUniform 0 1,  !- A94 
    set db=db*100,           !- A95 
    set remainder=@Mod db 25,!- A96 
    set db=(db-remainder)/100,  !- A97 
    set blinds=@max blinds-db 0,  !- A98 % <--Draw shaded fraction (actuator) 
    endif,                   !- A99 
    endif,                   !- A100 
    endif,                   !- A101 
    if Blinds==0,            !- A102 
    set BottomShade=0,       !- A103 % <--Actuator 
    set MidBottomShade=0,    !- A104 % <--Actuator 
    set MidTopShade=0,       !- A105 % <--Actuator 
    set TopShade=0,          !- A106 % <--Actuator 
    elseif Blinds==0.25,     !- A107 
    set BottomShade=0,       !- A108 % <--Actuator 
    set MidBottomShade=0,    !- A109 % <--Actuator 
    set MidTopShade=0,       !- A110 % <--Actuator 
    set TopShade=1,          !- A111 % <--Actuator 
    elseif Blinds==0.5,      !- A112 
    set BottomShade=0,       !- A113 % <--Actuator 
    set MidBottomShade=0,    !- A114 % <--Actuator 
    set MidTopShade=1,       !- A115 % <--Actuator 
    set TopShade=1,          !- A116 % <--Actuator 
    elseif Blinds==0.75,     !- A117 
    set BottomShade=0,       !- A118 % <--Actuator 
    set MidBottomShade=1,    !- A119 % <--Actuator 
    set MidTopShade=1,       !- A120 % <--Actuator 
    set TopShade=1,          !- A121 % <--Actuator 
    elseif Blinds==1,        !- A122  
    set BottomShade=1,       !- A123 % <--Actuator 
    set MidBottomShade=1,    !- A124 % <--Actuator 
    set MidTopShade=1,       !- A125 % <--Actuator 
    set TopShade=1,          !- A126 % <--Actuator 
    endif;                   !- A127 
 
 
set A26=@RandomNormal 0-7.4 0.16 0-100 0,  !- A29 
set A27=@RandomNormal 0-8 0.1 0-100 0,  !- A30 
set A28=@RandomNormal 0-0.27 0.14 0-100 0,  !- A31 
set A29=@RandomNormal 0-1.520 0.1 0-100 0,  !- A32 
set A30=@RandomNormal 0-3.625 0.03 0-100 0,  !- A33 
set A31=@RandomNormal 0.435 0.062 0 100,  !- A34 
set B31=@RandomNormal 0.001 0.00001 0 100,  !- A70 
set B32=@RandomNormal 2.17 0.16 0 100,  !- A71 
set B33=@RandomNormal 0.0008 0.00001 0 100,  !- A72 
set B34=@RandomNormal 1.27 0.086 0 100,  !- A73 
set B35=@RandomNormal 0.00000091 0.00000133 0 1,  !- A74 
set B36=@RandomNormal 0-2.23 0.16 0-100 100,  !- A75 
set B37=@RandomNormal 0-0.000654 0.00005 0-1 0,  !- A76 
set B38=@RandomNormal 0-3.139 0.07 0-100 0,  !- A77 
set B39=@RandomNormal 0-0.000276 0.00002 0-1 0,  !- A78 
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set B40=@RandomNormal 0-2.683 0.04 0-100 0,  !- A79 
set B41=@RandomNormal 0-0.0000235 0.0000011 0-1 0,  !- A80 
set B42=@RandomNormal 1.95 0.11 0 5,  !- A81 
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Appendix F: Method to determine the appropriate number of 
runs nRuns for stochastic models 

The appropriate number of runs for stochastic models has been extensively investigated in (Feng, 
Yan, and Wang 2016). Below, an example of how mean  and standard deviation  are used to 
derive the appropriate number of runs is given.  
As an example, a widespread model for blind operation (Haldi and Robinson 2010) is applied to 
two high/low patterns combinations for two selected buildings (Variant 1 and Variant 16 
investigated in Chapter 5). The high/low patterns combinations are supposed to be very 
different, such as they are representative. In particular, Combination 1 is characterized by low 
equipment and light use, low occupant presence, Tsp, heating = 18 °C, Tsp, cooling = 22 °C, non-
operable windows and low HVAC system operation hours. Instead, Combination 96 is 
characterized by high equipment and light use, high occupant presence, Tsp, heating = 23 °C, Tsp, 

cooling = 26 °C, operable windows and long HVAC system operation hours. 
Each combination is run in order to obtain 5 sets of 20 runs each. The standard deviations are 
then analyzed.  

(a)             (b)                            (c)                              (d) 

Fig. F.1: Standard deviation at corresponding number of runs for Variant 1, Combination 1 (a), Variant 
1, Combination 96 (b), Variant 16, Combination 1 (c), Variant 16, Combination 96 (d) 

As expected, the standard deviations in cooling energy for Variant 1 are not influenced by the 
number of runs of the blind operation stochastic model, as the performance indicator is not 
influenced by this aspect of occupant behavior (Fig. F.1). Running the model 10 times seems to 
be sufficient for this case (Fig. F.1a-b). When it comes to Variant 16, running the stochastic 
model 20 times shows no sign of convergence in the standard deviation (Fig. F.1c-d). Variant 
16, Combination 96 is taken as a case study for a deeper analysis of mean and standard deviation. 
Fig. F.2 shows the influence of the number of runs on the mean value and standard deviation 
of the cooling energy for building Variant 16, Combination 96. To obtain these results, the 
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stochastic model is run 1000 times, leading to 5 sets of 200 runs each. While there exists a clear 
convergence for the mean value after 90 runs (Fig. F.2a), the standard deviation shows no clear 
convergence also for 200 runs (Fig. F.2b). However, whether the noise is significant or not 
depends on the desired accuracy and consequent deviation tolerance (for example, deviation 
tolerance of ±10% from the average). For the case under investigation, the absolute variations 
of the values of mean and standard deviation variations are very small, which leads to the 
conclusion that 50 runs could be enough to give a representative distribution. Depending on the 

desired accuracy, the number of runs changes. Fig. F.3 shows the variations in the distributions 
by means of boxplots at increasing number of runs for all 4 analyzed cases. It is clear how for 
Variant 1, where the cooling energy is hardly influenced by blind operation, running the 
stochastic model once would be sufficient. Conversely, Variant 16 may require a higher number 
of runs, depending on the desired accuracy. 

    (a)                        (b)                                            

Fig. F.2: Influence of nRuns on mean (a) and standard deviation (b) for building Variant 16, 
Combination 96 

 

   (a)           (b)                         (c)                           (d) 

Fig. F.3: Influence of n runs on performance indicator distribution for Variant 1, Combination 1 (a), 
Variant 1, Combination 96 (b), Variant 16, Combination 1 (c), Variant 16, Combination 96 (d) 
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Fig. F.3 also shows how running a stochastic model an inappropriate number of times may lead 
to a loss of information. 
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Appendix G: Thermophysical properties variations considered for 
the uncertainty analysis in Chapter 6 

Table G.1: Thermophysical properties variation (s = thickness [m], k = thermal conductivity [W/mK], 
D = density [kg/m3], cp = specific heat capacity [J/kgK], μ = mean value, σ = standard deviation)     

External Wall (LOW TI) 

Material  s [m] k [W/mK] D [kg/m3] cp [J/kgK] 

Steel 
μ 0.005 50 7800 480 
σ 0.0005 0.75 25.74 19.2 

Fibre quilt μ 0.046 0.04 12 840 
σ 0.0046 0.0032 1.08 56.28 

Concrete block μ 0.2 1.41 1900 1000 
σ 0.02 0.1269 28.5 106 

 
External Wall (HIGH TI) 

Material  s [m] k [W/mK] D [kg/m3] cp [J/kgK] 

Steel 
μ 0.005 50 7800 480 
σ 0.0005 0.75 25.74 19.2 

Fibre quilt μ 0.174 0.04 12 840 
σ 0.0174 0.0032 1.08 56.28 

Concrete block μ 0.2 1.41 1900 1000 
σ 0.02 0.1269 28.5 106 

 
Internal Wall 

Material  s [m] k [W/mK] D [kg/m3] cp [J/kgK] 

Gypsum μ 0.019 0.16 800 1090 
σ 0.0019 0.024 25 163.5 

Air cavity μ  0.15   
σ  0.01   

Gypsum μ 0.19 0.16 800 1090 
σ 0.019 0.24 25 163.5 

 
Internal Floor 

Material  s [m] k [W/mK] D [kg/m3] cp [J/kgK] 

Acoustic tiles μ 0.0191 0.06 368 590 
σ 0.00191 0.0198 64.4 63.42 

Air cavity μ  0.18   
σ  0.012   
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Lightweight concrete μ 0.1016 0.53 1280 840 
σ 0.01016 0.0477 192 89.04 

 
Window (LOW TI) 

 U-value g-value Visible transmittance 
μ 3 0.73 0.75 
σ 0.150 0.073 0.075 

 
Window (HIGH TI) 

 U-value g-value Visible transmittance 
μ 1.1 0.29 0.48 
σ 0.055 0.029 0.048 

 
Air tightness 

 Air Changes per Hour (ACH) 
μ 0.12 
σ 0.04 
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Appendix H: Thermophysical properties of the Task 56 reference 
building 

Table H.1: Boundary conditions of the numerical model of the reference office zone 

Facade building assembly – glazing 
g-value [-] 0.59 

U-value (glass) [W/m2K] 1.40 

U-value (frame) [W/m2K] 1.18 

Frame thickness [m] 0.11 

Ventilation 

Fresh-air supply [m2/h/pers] 40 
Specific fan power [Wh/m3] 0.55 

Infiltration 

ACH [l/h] 0.15 
Specific fan power [Wh/m3] 0.55 

Table H.2: Construction assembly of internal walls 

Material s [m] k [W/mK] D [kg/m3] cp [kJ/kgK] 
Plasterboard 0.024 0.160 950 0.84 
Mineral wool 0.080 0.038 80 0.84 
Plasterboard 0.024 0.160 950 0.84 

Table H.3: Construction assembly of floor/ceiling 

Material s [m] k [W/mK] D [kg/m3] cp [kJ/kgK] 

Carpet 0.005 0.060 200 1.30 
Screed 0.120 0.080 350 0.40 

Concrete 0.350 2.100 2500 0.84 

Table H.4: Construction assembly of external walls 

Material s [m] k [W/mK] D [kg/m3] cp [kJ/kgK] 

Aluminum 0.003 200 2700 0.86 
Mineral wool var. 0.038 80 0.84 
Aluminum 0.003 200 2700 0.86 
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Table H.5: Optical characteristics of indoor surfaces (valid for the overall solar spectrum) 

Material Reflectance [-] Absorptance [-] Emissivity [-] 
Plasterboard 0.707 0.293 0.900 
Mineral wool 0.384 0.616 0.900 
Plasterboard 0.850 0.150 0.900 
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Appendix I: EMS code for modeling the innovative solar shading 
controls investigated in Section 7.1 

In this section, the EMS code relative to the EnergyManagementSystem:Program of EnergyPlus 
is given for each control strategy investigated in Section 7.1. Where possible, a short explanation 
of the code is given as comment. A number of variables, corresponding to output variables 
computed by EnergyPlus, are used throughout the code. Table I.1 illustrates the variables’ 
names and the corresponding EnergyPlus output variable. 

Table I.1: Relevant distributions of logistic regressions with link function and typical applications 

EMS Variable Corresponding EnergyPlus Output Variable 
IrradianceHorizontal Surface Outside Face Incident Solar Radiation 

Rate per Area (ceiling) 
IrradianceVerticalSouth Surface Outside Face Incident Solar Radiation 

Rate per Area (windowframe) 

SunAngleDeg Surface Window Solar Horizontal Profile Angle 

SetpointHeating Zone Thermostat Heating Setpoint Temperature 

SetpointCooling Zone Thermostat Cooling Setpoint Temperature 

TempIndoor Zone Air Temperature 

TempOutdoor Site Outdoor Air Drybulb Temperature 
Azimuth Site Solar Azimuth Angle 

 
The reader is reminded that all variables should be first initialized and called through 
EnergyManagementSystem:ProgramCallingManager. For more information about the 
EnergyPlus EMS, please refer to (U.S. Department of Energy (DOE) 2015). 

Control Strategy #1 

Two positions available (fully up or fully down); irradiance sensor on the roof; lowering threshold 
300 W/m2. 
 

EnergyManagementSystem:Program, 
    ControlStrategy1_HorizontalThreshold_FullyUpDown,  !- Name 
    set PreviousBlinds=Blinds,  !- Program Line 1 
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    if DayOfWeek == 2 || DayOfWeek == 3 || DayOfWeek == 4 || DayOfWeek == 5 || DayOfWeek == 6,  !- 
Program Line 2 
    if DelayMode == 0 && IrradianceHorizontal >= 300 && Blinds <> 1,  !- A4 % <--Lowering threshold 
    set Blinds=1,            !- A5 
    set BlindLoweringAuto=BlindLoweringAuto+1,  !- A6 
    set BlindLoweringAutoExact=BlindLoweringAutoExact+1,  !- A7 
    elseif DelayMode == 0 && IrradianceHorizontal < 275  && Blinds <> 0,  !- A8 % <--Raising threshold 
    set Blinds=0,            !- A9 
    set BlindRaisingAuto=BlindRaisingAuto+1,  !- A10 
    set BlindRaisingAutoExact=BlindRaisingAutoExact+1,  !- A11 
    endif,                   !- A12 
    endif,                   !- A13 
    set BlindHeightDifferenceAuto=0-(Blinds-PreviousBlinds);  !- A14 

Control Strategy #2 

Two positions available (fully up or fully down); irradiance sensor on the façade; lowering 
threshold 200 W/m2.  
 
EnergyManagementSystem:Program, 
    ControlStrategy2_VerticalThreshold_FullyUpDown,  !- Name 
    set PreviousBlinds=Blinds,  !- Program Line 1 
    if DayOfWeek == 2 || DayOfWeek == 3 || DayOfWeek == 4 || DayOfWeek == 5 || DayOfWeek == 6,  !- 
Program Line 2 
    if DelayMode == 0 && IrradianceVerticalSouth >= 200 && Blinds <> 1,  !- A4 % <--Lowering threshold 
    set Blinds=1,            !- A5 
    set BlindLoweringAuto=BlindLoweringAuto+1,  !- A6 
    set BlindLoweringAutoExact=BlindLoweringAutoExact+1,  !- A7 
    elseif DelayMode == 0 && IrradianceVerticalSouth < 175  && Blinds <> 0,  !- A8 % <--Raising threshold 
    set Blinds=0,            !- A9 
    set BlindRaisingAuto=BlindRaisingAuto+1,  !- A10 
    set BlindRaisingAutoExact=BlindRaisingAutoExact+1,  !- A11 
    endif,                   !- A12 
    endif,                   !- A13 
    set BlindHeightDifferenceAuto=0-(Blinds-PreviousBlinds);  !- A14 

Control Strategy #3 

Two positions available (fully up or lowered to eye height); irradiance sensor on the façade; 
lowering threshold 200 W/m2. 
 
EnergyManagementSystem:Program, 
    ControlStrategy3_VerticalThreshold_ToEyeHeight,  !- Name 
    set PreviousBlinds=Blinds,  !- Program Line 1 
    if DayOfWeek == 2 || DayOfWeek == 3 || DayOfWeek == 4 || DayOfWeek == 5 || DayOfWeek == 6,  !- 
Program Line 2 
    if DelayMode == 0 && IrradianceVerticalSouth >= 200 && Blinds <> 0.75,  !- A4 % <--Lowering threshold 
    set Blinds=0.75,         !- A5 % <--Eye height 
    set BlindLoweringAuto=BlindLoweringAuto+1,  !- A6 
    set BlindLoweringAutoExact=BlindLoweringAutoExact+1,  !- A7 
    elseif DelayMode == 0 && IrradianceVerticalSouth < 175  && Blinds <> 0,  !- A8 % <--Raising threshold 
    set Blinds=0,            !- A9 
    set BlindRaisingAuto=BlindRaisingAuto+1,  !- A10 
    set BlindRaisingAutoExact=BlindRaisingAutoExact+1,  !- A11 
    endif,                   !- A12 
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    endif,                   !- A13 
    set BlindHeightDifferenceAuto=0-(Blinds-PreviousBlinds);  !- A14 

Control Strategy #4 

Twenty positions available (full height discretized in 20 identical parts); sun-tracking feature to 
avoid direct sunlight. 
 
EnergyManagementSystem:Program, 
    ControlStrategy4_GlareSafe,  !- Name 
    set PreviousBlinds=Blinds,  !- Program Line 1 
    set StartShadingHeight=2890-(Blinds*2000),  !- Program Line 2 
    if DayOfWeek == 2 || DayOfWeek == 3 || DayOfWeek == 4 || DayOfWeek == 5 || DayOfWeek == 6,  !- A4 
    if Azimuth > 90 && Azimuth < 270,  !- A5 
    set SunAngleRad=@DegToRad SunAngleDeg,  !- A6 
    set GlareSafeHeight=DeskToWindowDistance*((@Sin SunAngleRad)/(@Cos SunAngleRad))+DeskHeight,  !- A7 
% <--Glare safe height calculation; DeskToWindowDistance previously defined as 750 mm; DeskHeight 
previously defined as 800 mm 
    if GlareSafeHeight >= 2890,  !- A8 % <--Glare threshold 
    set Blinds=0,            !- A9 
    elseif GlareSafeHeight <= 890,  !- A10 
    set Blinds=1,            !- A11 
    else,                    !- A12 
    set RelativeHeight=GlareSafeHeight-890,  !- A13 
    set HeightFraction=1-(RelativeHeight/2000),  !- A14 
    set HeightPercentage=HeightFraction*100,  !- A15 
    set remainder=@Mod HeightPercentage 5,  !- A16 
    set Blinds=(HeightPercentage+(5-remainder))/100,  !- A17 
    endif,                   !- A18 
    else,                    !- A19 
    set Blinds=0,            !- A20 
    endif,                   !- A21 
    else,                    !- A22 
    set GlareSafeHeight=StartShadingHeight,  !- A23 
    endif,                   !- A24 
    if Blinds > PreviousBlinds,  !- A25 
    set BlindLoweringAuto=BlindLoweringAuto+1,  !- A26 
    elseif Blinds < PreviousBlinds,  !- A27 
    set BlindRaisingAuto=BlindRaisingAuto+1,  !- A28 
    endif,                   !- A29 
    if GlareSafeHeight < StartShadingHeight,  !- A30 
    set BlindLoweringAutoExact=BlindLoweringAutoExact+1,  !- A31 
    elseif GlareSafeHeight > StartShadingHeight,  !- A32 
    set BlindRaisingAutoExact=BlindRaisingAutoExact+1,  !- A33 
    endif,                   !- A34 
    set BlindHeightDifferenceAuto=0-(Blinds-PreviousBlinds);  !- A35 

Control Strategy #5 

Same as Strategy 4 but includes an energy mode when occupants are absent. 
 
EnergyManagementSystem:Program, 
    ControlStrategy5_GlareSafe_EnergyMode,  !- Name 
    set PreviousBlinds=Blinds,  !- Program Line 1 
    set StartShadingHeight=2890-(Blinds*2000),  !- Program Line 2 
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    if NumberOfPeople == 0,  !- A4 % <--When occupants are absent 
    if EMDelay < EMDelayTime,!- A5 % <--EMDelayTime previously defined as 15 min 
    set EnergyMode=0,        !- A6 
    set ComfortMode=1,       !- A7 
    set EMDelay=EMDelay+5,   !- A8 
    elseif EMDelay == EMDelayTime,  !- A9 
    set EnergyMode=1,        !- A10 
    set ComfortMode=0,       !- A11 
    endif,                   !- A12 
    elseif NumberOfPeople > 0,  !- A13 
    set EnergyMode=0,        !- A14 
    set ComfortMode=1,       !- A15 
    set EMDelay=0,           !- A16 
    endif,                   !- A17 
    if EnergyMode == 1,      !- A18 % <--EnergyMode 
    set SetpointAverage=(SetpointHeating+SetpointCooling)/2,  !- A19 
    set HeatFlowInwards=(TempOutdoor-TempIndoor)*Uvalue,  !- A20 % <--Simplified formula to determine 
whether heating is needed; Uvalue previously defined as 1.493 W/m2K 
    if (IrradianceVerticalSouth + HeatFlowInwards) > 0,  !- A21 
    set HeatingPotential=1,  !- A22 
    elseif (IrradianceVerticalSouth + HeatFlowInwards) <= 0,  !- A23 
    set HeatingPotential=0,  !- A24 
    endif,                   !- A25 
    if TempIndoor < SetpointAverage,  !- A26 
    if HeatingPotential == 1,!- A27 
    set Blinds=0,            !- A28 
    elseif HeatingPotential == 0,  !- A29 
    set Blinds=1,            !- A30 
    endif,                   !- A31 
    elseif TempIndoor > SetpointAverage,  !- A32 
    if HeatingPotential == 1,!- A33 
    set Blinds=1,            !- A34 
    elseif HeatingPotential == 0,  !- A35 
    set Blinds=0,            !- A36 
    endif,                   !- A37 
    endif,                   !- A38 
    endif,                   !- A39 
    if ComfortMode == 1,     !- A40 % <--ComfortMode 
    if Azimuth > 90 && Azimuth < 270,  !- A41 
    set SunAngleRad=@DegToRad SunAngleDeg,  !- A42 
    set GlareSafeHeight=DeskToWindowDistance*((@Sin SunAngleRad)/(@Cos SunAngleRad))+DeskHeight,  !- 
A43 
    if GlareSafeHeight >= 2890,  !- A44 
    set Blinds=0,            !- A45 
    elseif GlareSafeHeight <= 890,  !- A46 
    set Blinds=1,            !- A47 
    else,                    !- A48 
    set RelativeHeight=GlareSafeHeight-890,  !- A49 
    set HeightFraction=1-(RelativeHeight/2000),  !- A50 
    set HeightPercentage=HeightFraction*100,  !- A51 
    set remainder=@Mod HeightPercentage 5,  !- A52 
    set Blinds=(HeightPercentage+(5-remainder))/100,  !- A53 
    endif,                   !- A54 
    else,                    !- A55 
    set Blinds=0,            !- A56 
    endif,                   !- A57 
    else,                    !- A58 
    set GlareSafeHeight=StartShadingHeight,  !- A59 
    endif,                   !- A60 
    if Blinds > PreviousBlinds,  !- A61 
    set BlindLoweringAuto=BlindLoweringAuto+1,  !- A62 
    elseif Blinds < PreviousBlinds,  !- A63 
    set BlindRaisingAuto=BlindRaisingAuto+1,  !- A64 
    endif,                   !- A65 
    if GlareSafeHeight < StartShadingHeight,  !- A66 
    set BlindLoweringAutoExact=BlindLoweringAutoExact+1,  !- A67 
    elseif GlareSafeHeight > StartShadingHeight,  !- A68 
    set BlindRaisingAutoExact=BlindRaisingAutoExact+1,  !- A69 
    endif,                   !- A70 
    set BlindHeightDifferenceAuto=0-(Blinds-PreviousBlinds);  !- A71 



 
 

 
 

219 

Control Strategy #6 

Same as Strategy 5 but includes overcast sky feature, whereby if the room is occupied and the 
vertical solar irradiance on the façade is below 120 W/m2, the shades are fully raised. 
 
EnergyManagementSystem:Program, 
    ControlStrategy6_GlareSafe_EnergyMode_OvercastSkyDetection,  !- Name 
    set PreviousBlinds=Blinds,  !- Program Line 1 
    set StartShadingHeight=2890-(Blinds*2000),  !- Program Line 2 
    if NumberOfPeople == 0,  !- A4 
    if EMDelay < EMDelayTime,!- A5 
    set EnergyMode=0,        !- A6 
    set ComfortMode=1,       !- A7 
    set EMDelay=EMDelay+5,   !- A8 
    elseif EMDelay == EMDelayTime,  !- A9 
    set EnergyMode=1,        !- A10 
    set ComfortMode=0,       !- A11 
    endif,                   !- A12 
    elseif NumberOfPeople > 0,  !- A13 
    set EnergyMode=0,        !- A14 
    set ComfortMode=1,       !- A15 
    set EMDelay=0,           !- A16 
    endif,                   !- A17 
    if EnergyMode == 1,      !- A18 
    set SetpointAverage=(SetpointHeating+SetpointCooling)/2,  !- A19 
    set HeatFlowInwards=(TempOutdoor-TempIndoor)*Uvalue,  !- A20 
    if (IrradianceVerticalSouth + HeatFlowInwards) > 0,  !- A21 
    set HeatingPotential=1,  !- A22 
    elseif (IrradianceVerticalSouth + HeatFlowInwards) <= 0,  !- A23 
    set HeatingPotential=0,  !- A24 
    endif,                   !- A25 
    if TempIndoor < SetpointAverage,  !- A26 
    if HeatingPotential == 1,!- A27 
    set Blinds=0,            !- A28 
    elseif HeatingPotential == 0,  !- A29 
    set Blinds=1,            !- A30 
    endif,                   !- A31 
    elseif TempIndoor > SetpointAverage,  !- A32 
    if HeatingPotential == 1,!- A33 
    set Blinds=1,            !- A34 
    elseif HeatingPotential == 0,  !- A35 
    set Blinds=0,            !- A36 
    endif,                   !- A37 
    endif,                   !- A38 
    endif,                   !- A39 
    if ComfortMode == 1,     !- A40 
    if Azimuth > 90 && Azimuth < 270,  !- A41 
    if IrradianceVerticalSouth >= OvercastThreshold,  !- A42 % <--Overcast threshold previously set as 
120 W/m2 
    set SunAngleRad=@DegToRad SunAngleDeg,  !- A43 
    set GlareSafeHeight=DeskToWindowDistance*((@Sin SunAngleRad)/(@Cos SunAngleRad))+DeskHeight,  !- 
A44 
    if GlareSafeHeight >= 2890,  !- A45 
    set Blinds=0,            !- A46 
    elseif GlareSafeHeight <= 890,  !- A47 
    set Blinds=1,            !- A48 
    else,                    !- A49 
    set RelativeHeight=GlareSafeHeight-890,  !- A50 
    set HeightFraction=1-(RelativeHeight/2000),  !- A51 
    set HeightPercentage=HeightFraction*100,  !- A52 
    set remainder=@Mod HeightPercentage 5,  !- A53 
    set Blinds=(HeightPercentage+(5-remainder))/100,  !- A54 
    endif,                   !- A55 
    elseif IrradianceVerticalSouth < OvercastThreshold,  !- A56 
    set Blinds=0,            !- A57 
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    endif,                   !- A58 
    else,                    !- A59 
    set Blinds=0,            !- A60 
    endif,                   !- A61 
    else,                    !- A62 
    set GlareSafeHeight=StartShadingHeight,  !- A63 
    endif,                   !- A64 
    if Blinds > PreviousBlinds,  !- A65 
    set BlindLoweringAuto=BlindLoweringAuto+1,  !- A66 
    elseif Blinds < PreviousBlinds,  !- A67 
    set BlindRaisingAuto=BlindRaisingAuto+1,  !- A68 
    endif,                   !- A69 
    if GlareSafeHeight < StartShadingHeight,  !- A70 
    set BlindLoweringAutoExact=BlindLoweringAutoExact+1,  !- A71 
    elseif GlareSafeHeight > StartShadingHeight,  !- A72 
    set BlindRaisingAutoExact=BlindRaisingAutoExact+1,  !- A73 
    endif,                   !- A74 
    set BlindHeightDifferenceAuto=0-(Blinds-PreviousBlinds);  !- A75 

AlwaysOpen and AlwaysClosed 

EnergyManagementSystem:Program, 
    AlwaysOpen,              !- Name 
    set Blinds=0;            !- Program Line 1 
 
EnergyManagementSystem:Program, 
    AlwaysClosed,            !- Name 
    set Blinds=1;            !- Program Line 1   



 
 

 
 

221 

Appendix J: Example of occupancy status obtained using Page et 
al. occupant presence model 

  

Fig. J.1: Example of occupancy status using the stochastic model of Page et al. employed in Section 7.1. 
Results for a single run during the first week of January 
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Occupant behavior (OB), defined as the presence and actions 
of occupants that affect building energy use, is recognized as a main 
source of discrepancy between simulation predictions and actual 
building performance. For this reason, researchers are attempting to 
offer more realistic alternatives to the simplistic assumptions regarding 
occupants that are commonly made in BPS models. Literature shows a 
proliferation of increasingly complex, data-based models that describe 
occupant presence and behaviors. However, the use of these models 
in practice is still very limited. Moreover, simpler models might be 
preferable, depending on the purpose of the investigation.
 
This doctoral dissertation explores how computational modelling, 
simulation and sensitivity analysis techniques can be used to 
appropriately represent occupants and their behaviors when 
predicting the energy and comfort performance of buildings.
More specifically, the aim of this work is to develop a computational 
methodology that can be used to facilitate the model selection of various 
OB aspects in order to achieve fit-for-purpose OB modelling.
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