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Abstract 

Occupant behavior (OB) is among the most influential 

causes of uncertainty in building performance 

predictions. Not considering the potential influence of 

uncertainties on building performance could mislead the 

decision-making process during the design phase. 

Hence, it is crucial to include the modeling of 

uncertainties within building performance simulation 

(BPS) models. As for uncertainties due to OB, there are 

a number of ways to model them in BPS tools, 

characterized by different levels of complexity. 

Literature shows that the appropriate modeling approach 

depends on the object and purpose of the simulation, 

which makes it difficult for the simulationist to favor a 

method over another a priori. Moreover, there are 

currently no guidelines which offer support for selecting 

the most appropriate modeling approach. This study 

seeks to fill this gap by proposing a step-by-step strategy 

– the fit-for-purpose occupant behavior modeling (FFP-

OBm) strategy – to select the appropriate OB modeling 

complexity. 

Introduction 

The appropriate selection of calculation method and/or 

modelling software to support a design process should 

depend on the case at hand: the object of the 

investigation, the stage of the design, the available 

information, the required level of confidence in the 

results and the associated risks. Dynamic simulation – or 

BPS – models proved to be a useful support tool for a set 

of design questions. However, it is recognized that error 

and uncertainty affect various aspects of BPS 

(Macdonald 2002). (Oberkampf et al. 2002) define error 

as a recognizable inaccuracy in any phase or activity of 

modelling and simulation, as opposed to uncertainty. As 

for uncertainty, we distinguish between scenario 

uncertainty, associated with scenarios of use and 

boundary conditions, and design uncertainty, deriving 

from lack of knowledge about the design parameters. 

(Rezaee et al. 2015) separate decided parameter 

uncertainty (for example, a normal distribution around a 

given value of R-value), from undecided parameter 

uncertainty, which concerns the aspects of the design 

which are yet to be decided. At best, all errors and 

uncertainties should be considered in the design process, 

and their influence on decision-making should be 

assessed. Researchers (Samuelson, Ghorayshi, and 

Reinhart 2016; Silva and Ghisi 2014) compared the 

importance of various sources of uncertainty and 

generally agreed that OB plays a predominant role (Li, 

Hong, and Yan 2014). For this reason the academic 

community developed models that could better represent 

various aspects of OB than the deterministic, static 

schedules typically used in BPS. In particular, due to 

their conceptual differences, a distinction is made 

between the modelling formalisms used for presence, 

adaptive actions (actions performed as a reaction to 

indoor/outdoor variables, such as opening a window) 

and non-adaptive actions (such as the use of equipment). 

Currently, presence can be modelled using (standard or 

data-driven) occupancy schedules, discrete-time Markov 

models, and survival models. Adaptive actions are 

modelled as schedules, deterministic models, Bernoulli 

models, discrete-time Markov models, or discrete-event 

Markov models. Non-adaptive behavior can be modelled 

using schedules, occupancy schedules or survival 

models. Such models can be classified in terms of 

complexity, in: schedules and deterministic models, 

probabilistic models, and agent-based models (Gaetani, 

Hoes, and Hensen 2016a). It is important to note that the 

currently available models, due to the relatively recent 

development of the research field, are subjected to 

questions regarding their validity range and applicability 

outside of the case they were initially developed for. 

Even regardless of this important issue, it is today very 

difficult for the simulationist to choose which model to 

use in a specific case. This situation prevents users of 

BPS to appropriately take into account OB in the design 

process, even if they acknowledge its importance. The 

fit-for-purpose occupant behavior modelling (FFP-OBm) 

strategy is under development as a solution to this 

problem. Four single-occupant offices in Amsterdam are 

used as a case study to illustrate the FFP-OBm strategy 

and demonstrate its potential.   

Methodology 

The FFP-OBm strategy 

The strategy is based on two concepts: i) there is a trade-

off between abstraction error and input uncertainty when 

increasing modeling complexity, and ii) the modeling 

complexity for each aspect of occupant behavior should 

depend on its relevance for the results.   

The first concept is included in the strategy as an 

uncertainty analysis which allows to filter-out modeling 
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complexities according to the phase in the building 

lifecycle. The second concept – based on the notion of 

building robustness to OB (Hoes et al. 2009) – is 

integrated with a sensitivity analysis using the statistical 

Mann-Whitney U test. Figure 1 is a schematic 

representation of the FFP-OBm strategy framework. 

Each box in the flowchart is briefly explained in this 

Section. 

I. The starting point for each simulation must be the 

acknowledgement of the objectives and scope of the 

simulation itself. Besides building, climate and 

phase in lifecycle, it is important that the 

simulationist is aware of the purpose of the 

simulation (e.g., choice among alternative designs, 

or energy and comfort performance prediction for 

performance contracting). In turn, the purpose of the 

simulation 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.  

II. Once the purpose of the simulation is clear, the 

building model complexity is chosen. In fact, BPS 

software span from steady-state calculations to 

transient (sub-)hourly methods. While it is important 

to highlight that the building model complexity 

should derive from the simulation purpose, a deep 

analysis of such choice goes beyond the scope of 

this paper. During this step the simulationist must 

become aware of the uncertainties connected to the 

model. If no information about the model’s 

uncertainty is available, an uncertainty analysis 

should be conducted. 

III. The next step is the core of the strategy: the 

definition of diversity patterns for aspects of 

occupant behavior (OB) which are uncertain. 

Applying diversity patterns equals to testing the 

possible sensitivity of the results to a particular 

aspect of OB. This step is very relevant as the 

sensitivity of the results to the various aspects of OB 

will be strictly related to the assumptions made here. 

The patterns are possible, extreme variations of 

uncertain aspects of OB, and are implemented by 

means of schedules or other built-in deterministic 

software assumptions (in this study, schedules and 

deterministic models are grouped under the same 

complexity as level “0”). The reason behind 

formulating such diversity patterns is to 

preliminarily test the influence of different aspects 

of occupant behavior on a performance indicator. 

All possible combinations of the diversity patterns 

are to be investigated.  

IV. 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 from the assumptions made in 

step III, which should be realistic and possibly 

agreed upon with all involved parties. 

V. Then, the simulationist can assess whether the given 

range allows him/her to make a decision, or whether 

further investigation is needed to check if changing 

modeling technique might help decision-making.  

VI. 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 sensitivity analysis takes 

place to identify the influential aspects of OB. This 

step allows to ascribe relevance only to the aspects 

that truly affect the results for a specific case, and is 

achieved by means of the statistical Mann-Whitney 

U test (Gaetani, Hoes, and Hensen 2016b). The 

Mann-Whitney U test is a nonparametric test which 

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. 

Hence, the test helps to quantify the influence on the 

results of an aspect of OB. The aim of the sensitivity 

analysis is to identify which aspects of occupant 

behavior are responsible for the spread in the results, 

so that more attention can be drawn to such aspects.  

VII.  Once the influential aspects are identified, the user 

has to check whether their uncertainty can be 

reduced, i.e. whether more realistic patterns can be 

formulated.  

VIII. If the uncertainty of the influential aspects cannot be 

reduced, the next step is to check whether a higher 

modeling complexity can be used. This check is 

reliant on a OB modeling database that should be 

integrated in the software and where possible 

modeling complexities will 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). It is important to note that the levels of 

complexity reported in Figure 1 are a simplification; 

in reality, a category (e.g., stochastic models) can be 

characterized by different complexities according to 

the model’s size and resolution. 

IX. If a different modelling complexity can be used, the 

simulations are run again with the higher complexity 

models for the influential OB aspects (cn+1).  

X. If not, the user is led to the end. In this case, the fit-

for-purpose modelling complexity (cFFP) is the 

initial one, i.e. the diversity patterns.  

XI. As for the second iteration, 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 needed to increase 

complexity for the influential OB aspects again, 

otherwise the user is led to the end.  

The models within the database are filtered out also 

according to the uncertainty analysis that was conducted 

at step II: if the undecided parameter uncertainty is  
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Figure 1: FFP-OBm strategy. 
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higher than the scenario uncertainty due to OB there is 

no sense in increasing the modeling complexity. 

The case study 

Four office buildings in Amsterdam are used as a case 

study. The four buildings are cubicles having dimensions 

5 x 5 x 3 m
3
, characterized by different window-to-wall 

ratio (WWR), and different wall construction for the 

southern façade facing the outdoor environment (see 

Table 1). The wall construction named low thermal 

insulation (LOW TI) has R-value 1.3 m
2
K/W, window 

U-value 1.1 W/m
2
K, g-value 0.29, and visual 

transmittance 0.48. The wall construction named high 

thermal insulation (HIGH TI) has R-value 4 m
2
K/W, 

window U-value 3 W/m
2
K, g-value 0.73 and visual 

transmittance 0.75. Floor, ceiling, and all facades but the 

southern one are supposed adiabatic, as if the cubicle 

was surrounded by other spaces in thermal equilibrium 

with it. The use  scenario for lights and equipment is 

supposed to be the ASHRAE default 10.76 W/m
2
. The 

heating, ventilation and air-conditioning (HVAC) system 

is supposed to be ideal, but has been capped in size 

following preliminary simulation runs. The HVAC 

system is active on weekdays 6 am – 10 pm and on 

Saturdays 6 am – 6 pm. 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. Yearly energy 

for cooling and for heating is the performance indicator 

to be optimized. As this design question typically 

concerns a rather advanced stage of the design process, it 

was decided to answer it by means of dynamic 

simulation. In particular, the four building variants were 

modeled using the software Energyplus V8.3. 

 

Table 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 decided parameter uncertainty due to 

thermophysical properties’ variations is taken from 

(Hopfe 2009) and reported in Appendix A. 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. The influence of OB was analyzed by 

means of diversity patterns, defined as in Table 2.  

Results and discussion 

Step II – The building model 

First, the three shading options were investigated for the 

four building variants in a traditional fashion. As for the 

blinds, they 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 

blinds. It is important to note that modeling the blinds 

operation in such manner does not actually represent 

manually operated blinds, but it is indeed a typical 

manner to do so in practice. Figure 2 shows the impact 

of the two shading strategies on the four investigated 

buildings. It can be noted that, as expected, the shading 

strategies are much more effective in limiting the 

cooling energy in the two variants characterized by poor 

thermal insulation and high U-value, g-value and visual 

transmittance. In Cases 1 and 2 the designer would be 

inclined to choose to apply blinds, as they seem to be the 

most efficient strategy. Instead, a decision cannot be 

taken as easily for Cases 3 and 4, where all solutions 

perform very similarly.  

 

Table 2: OB diversity patterns (Lin and Hong 2013) 

 Pattern A Pattern B 

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 

Lighting 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 

Blinds 
Always open Close if high 

solar on window 

 

As a next step, the influence of decided parameter 

uncertainty is investigated for all variants (Figure 3). 

Generally speaking, it is evident how the thermophysical 

properties uncertainty is pronounced especially in poorly 

performing buildings (Case 1 and Case 2). For both Case 

1 and Case 2 the preferred shading strategy remains 

manual blinds, while for Case 3 and Case 4 all solutions 

show a similar performance.  

Step III – V – Definition and implementation of OB 

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 2. All patterns combinations resulted in a total of 

2
6
 = 64 – 16 (Tsp,heating > Tsp,cooling) = 48 combinations 

when blinds are present, and 24 otherwise. Simulations 

are run and the results are shown in Figure 4. Figure 4 

shows how considering the potential influence of OB 

generally leads to greater uncertainty than decided
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Figure 3: Influence of thermophysical properties uncertainty on energy demand for cooling and heating. 

 

 

 

 

 

Figure 4: Influence of OB on energy demand for cooling. 

  

Figure 2: Energy demand for cooling and heating of the four investigated offices with changing shading strategy. 
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parameter uncertainty. In particular, it is now not evident 

which shading strategy should be chosen for all cases. 

For example, looking at Case 1 the solutions with 

overhang and manual blinds have the same median value 

for cooling plus heating energy (ca. 60 kWh/m
2
y), 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 

on the performance of the buildings. Instead, there seems 

to be a potential for the application of blinds in Case 2. 

As a decision cannot be made using the results, Case 2 is 

selected to test the remaining steps of the FFP-OBm 

strategy. 

Step VI –VIII – Identification of influential OB 

aspects and available modelling formalisms 

In the first flowchart iteration the sensitivity analysis by 

means of Mann-Whitney U test occurs. 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 Table 3. An aspect of OB is 

considered influential if p-value < 0.05. 

 

Table 3: Mann-Whitney U test results: p-value 

 NoShad Overhang Blinds 

Presence 0.113 0.113  0.477 

Equipment 0.113 0.113 0.177 

Lights 0.011 0.010 0.022 

Tsp, h 0.879 0.798 0.836 

Tsp, c 0.005 0.005 0.025 

Blinds - - 0.000 

 

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. Let us assume that the 

uncertainty related to operation of lights and blinds, and 

setting of cooling temperature setpoint cannot be 

reduced. The next step is then to check whether a better 

representation of the influential aspects of OB exists. In 

other words, whether a higher complexity model is 

available. It is important to stress that the assumption 

that higher complexity models lead to more realistic 

results is to date not verified. However, we presume that 

the OB models database coupled with the strategy 

introduced here will, in the near future, include solely 

validated models, whose validity range is well defined 

and specified.   

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 for 

predicting 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 timestep t are in state S is 

equal to: 

𝑃(𝑆𝑡|𝑆𝑡−1,𝑥𝑖
) =

1

1 + 𝑒−(𝛽0+∑ 𝛽𝑖𝑥𝑖)𝑛
𝑖=1  

, 
(1) 

where β are the parameters of the model and x are the 

predictors. The models were implemented in Energyplus 

V8.3 using the Energy Management System (EMS) as in 

(Gunay, O’Brien, and Beausoleil-Morrison 2016). 

Step IX – Application of higher modelling complexity 

for OB influential aspects 

Figure 5 shows the results of applying a higher 

complexity model for lighting 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 does never 

occur 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 Figure 4). 

 

Figure 5: Effects of increasing modelling complexity for 

light and blinds operation. 

 

Conclusions 

The proposed FFP-OBm strategy is currently under 

development and represents an attempt to support the 

simulationist who is interested in appropriately 

representing OB in BPS. The strategy has high potential 

to be fully automated and become imbedded in BPS 

tools, possibly not requiring any effort or additional 

expertise from the simulationist. Four office cubicles 

with different WWR and thermal properties of the 

construction were taken as case study. In two cases 

(Case 3 and Case 4) the FFP-OBm strategy allowed to 

quickly determine that increasing modeling complexity 

of OB would be useless. In Case 1 applying an overhang 
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is deemed to be a more robust and equally efficient 

shading strategy, if compared to manual blinds. In Case 

2 the potential of manual blinds was identified, and 

confirmed by a more complex OB modeling formalism.  

The proposed strategy is a first 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. IEA-EBC Annex 66 

(Definition and Simulation of Occupant Behavior in 

Buildings)  is actively working to ensure that the validity 

range of proposed models is specified and defined . 
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Appendix A 

 

Table A1: Thermophysical properties variation (t = 

thickness [m], λ = thermal conductivity [W/mK] ,  = 

density [kg/m
3
], c = specific heat capacity [J/kgK], μ = 

mean value, σ = standard deviation)       

External Wall (LOW TI) 

Material  t  

[m] 

λ 

[W/mK] 

ρ 

[kg/m3] 

c 

[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 
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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  t  

[m] 

λ 

[W/mK] 

ρ 

[kg/m3] 

c 

[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  t  

[m] 

λ 

[W/mK] 

ρ 

[kg/m3] 

c 

[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  t  

[m] 

λ 

[W/mK] 

ρ 

[kg/m3] 

c 

[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   

Lightweight 

concrete 

μ 0.1016 0.53 1280 840 

σ 0.01016 0.0477 192 89.04 

 

Window (LOW TI) 

 U-

value 

g-value  Visual 

transmittance 

μ 3 0.73 0.75 

σ 0.150 0.073 0.075 

 

Window (HIGH TI) 

 U-

value 

g-value  Visual 

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 

 


