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ABSTRACT 

The use of holistic certification tools is increasing 

and requirements in legislation are continuously 

being tightened. This calls for a holistic simulation 

approach in the early design phase where input 

uncertainties are large and decisions are crucial to the 

performance. An iterative parametric method is 

proposed: 1) Assign uniform distributions to 

uncertain design inputs of interest; 2) Perform 

sensitivity analysis (SA) by the method of Morris to 

rank input by relative importance; 3) Run Monte 

Carlo simulations to explore the entire design 

domain; 4) Apply Monte Carlo filtering to identify 

preferable input domains for the most influential 

parameters. 

To enable computationally fast simulations, we 

combined calculations of energy demand and thermal 

comfort based on ISO 13790 (CEN 2008) with a 

regression model for daylight factor. We constructed 

scoring functions for the three outputs and applied 

weighting to combine the three scores into a single 

holistic score ranging from 0 to 100. 

The method was tested on a simple office building. 

An initial run of 3000 simulations was performed 

using a Quasi-Random LpTau sampling strategy for 

22 variable inputs. A filter was applied to the holistic 

score to collect the 10 % best performing 

simulations. From this collection, histograms were 

used to identify favourable and adverse input spans 

for a selection of the most sensitive parameters. 

Subsequently, two runs of each 3000 simulations 

were performed – one using the favourable input 

spans and the other using the adverse spans. The 

results showed that the distribution related to 

favourable input spans was shifted significantly 

towards higher holistic scores. The authors conclude 

that the use of a stochastic, holistic method can guide 

decision-making by identifying favourable input 

regions, and thereby increase the remaining solution 

space and overall building performance.  

INTRODUCTION 

The building design community is challenged by 

continuously increasing energy demands, which are 

often combined with ambitious goals for the indoor 

environment. By 2020, all new buildings are required 

to by “nearly zero energy” buildings in the European 

Union (European Parliament 2010). In Denmark, the 

authorities are gradually tightening the energy 

requirements by reducing energy demands by 25 % 

in 2015 and again in 2020 (Energistyrelsen 2010). 

Concurrently, thermal comfort in dwellings must be 

assessed in terms of overheating hours to achieve 

2015 classification, and daylight demands are being 

sharpened by increasing the daylight factor threshold 

in order to reach 2020 classification. To meet the 

ever-stricter demands and create high performing 

buildings, we suggest a holistic approach and 

exploration of a vast design space.  

The three objectives; energy demand, thermal 

comfort, and daylight, receive much attention due to 

the legislative requirements and their strong 

interdependencies. These objectives are especially 

difficult to address since improving one of them 

often worsens another. At the same time, the design 

team must address many less quantifiable objectives 

such as logistics, aesthetics, and function. Above all 

is the budget, which is perhaps the most important 

design constraint. Therefore, a holistic approach is 

crucial in the multi-collaborator design process, 

where decision-making involves building owners, 

architects, engineers, and contractors.  

Engineers typically rely on deterministic building 

simulations to evaluate design options, though the 

software gives little or no guidance on how to 

improve the design. Most detailed simulation 

software is used to evaluate design options to ensure 

building code compliance and has not been 

developed to take into account the large uncertainties 

and rapid change of design which are characteristic 

of early design (Petersen 2011). Instead, we suggest 

exploration of a global design space by stochastic 

methods while considering multiple objectives. This 

approach creates pro-active information that supports 

the design team in the decision-making process. 

Moreover, the approach gives more room for 

decisions across disciplines and performance 

objectives.  

Literature shows many uses of stochastic building 

simulations combined with uncertainty analysis and 

sensitivity analysis (Tian 2013). However, emphasis 

is often on uncertainties associated with user 

behaviour, weather scenarios, and physical properties 

of materials (de Wit & Augenbroe 2002)(Hopfe & 

Proceedings of BS2015: 
14th Conference of International Building Performance Simulation Association, Hyderabad, India, Dec. 7-9, 2015.

- 1885 -



Hensen 2011)(Struck et al. 2009). An alternative 

approach is to focus on design variability, where 

possible ranges in design parameters are treated as 

uncertainties by applying uniform probability 

distributions (Yildiz et al. 2012). Similar approach 

was taken by Heiselberg et al. (2009), who adopted 

the method of Morris to perform sensitivity analysis 

during early design to identify inputs that have the 

largest impact on energy consumption and as a 

consequence these inputs deserved most attention 

(Heiselberg et al. 2009). In this work, we expand this 

method by adding thermal comfort and daylight to 

the objectives of interest. Moreover, we apply Monte 

Carlo filtering techniques to identify favourable 

design input spans. The proposed method is 

demonstrated for an office building.  

METHODOLOGY 

The goal of our research is to develop a method that 

can be used in the iterative design process to guide 

the design team in creating high performing 

buildings. Based on the architect’s design proposal, 

the engineer builds a simulation model and performs 

stochastic calculations of energy demand, thermal 

comfort, and daylight. The simulation results are 

combined into a holistic score and analysed using 

uncertainty analysis and sensitivity analysis. The 

design team is informed about best and worst case 

scenarios and favourable spans for the most 

influential design variables. The process may be 

repeated to decrease variability or the design may 

continue to the detailed design stage. 

The development of the methodology involves the 

following tasks: i) creating a parametric simulation 

model; ii) creating holistic scoring functions; iii) 

applying suitable methods for uncertainty and 

sensitivity analysis. These efforts are described 

below. 

Idealized simulation model 

To develop, test, and evaluate the proposed method, 

we needed to construct a simulation model satisfying 

the following properties:  

 Assignment of probability density functions 

to inputs 

 Execution of Monte Carlo simulations 

 Evaluation of whole building energy 

demand, thermal comfort, and daylight 

factor for selected zones 

 Calculation detail level appropriate for early 

design  

In addition to these requirements, emphasis was on 

calculation speed in order to do thousands of 

simulations in minutes rather than hours or days.  

To calculate energy demand we chose the normative 

model Be10 used for building code compliance in 

Denmark (SBI - Danish Building Research Institute 

2014). The model is based on the simplified quasi-

steady-state monthly method provided by ISO 13790 

(CEN 2008). An advantage of this model is 

computational speed, which is measured in 

milliseconds.   

To assess thermal comfort, we use an hourly-based 

idealized model “Summer Comfort”, which is also 

developed by the Danish Building Research Institute 

on the basis of ISO 13790. The model was developed 

to evaluate operative temperature in the critical 

rooms of dwellings by calculating the number of 

hours above 26 °C and 27 °C, respectively.  

Daylight simulations are often computational heavy 

compared to energy and thermal calculations. For 

this study, we applied a simplified regression model 

based on Danish guidelines made for building code 

compliance (Johnsen & Christoffersen 2008). In this, 

daylight factor is estimated for rectangular rooms 

using pre-calculated line curves and correcting these 

to take into account shading effects, glazing 

properties, room reflectance, etc.  

To sum up, we have put together a fast, idealized 

simulation model based on Danish building code and 

practice. The required input for this model fits the 

level of detail in early building design. It enables fast 

computation of some of the most correlated 

quantifiable output; energy consumption, thermal 

comfort and daylight. We omitted other measures 

such as embodied energy and acoustics, since they 

relate more to materials which are typically specified 

at later design stages.  

Creating holistic scoring functions 

A way to encourage holistic design is to construct 

scoring functions for each output and combining 

these scores into one overall, holistic score. This 

approach is seen in several sustainability assessment 

methods including LEED, BREEAM, and DGNB. A 

holistic score eases comparison when comparing a 

large number of design options. Moreover, it helps 

interpretation of sensitivity analysis and allows more 

consistent filtering of Monte Carlo simulations. In 

this work, we apply scoring function to energy, 

thermal comfort, and daylight such that each of these 

objectives is evaluated in the range 0 – 100 points. 

Afterwards, a combined scored is constructed using a 

user-defined weighing system.  
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Energy 

In general, Danish building code differentiates 

between dwellings, hotels, et al. and offices, schools, 

et al. A function for each category is constructed as 

shown on Figure 1 (a).  Energy demands lower than 

2020 requirements results in 100 points whereas 

demands equal to 2010 requirements results in 25 

points. A penalty function allows for a slight 

overconsumption, which may be compensated for by 

adding renewables such as photovoltaics.   

 

Thermal comfort (summer) 

The scoring function for thermal comfort is based on 

EN 15251 (CEN 2007) and shown on Figure 1 (b). 

This standard divides indoor climate into four 

categories: I, II, III, and “out of category”. The upper 

limits for room operative temperature in classes I to 

III are 25.5, 26.0, and 27.0 °C, respectively. 

However, an excess of these thresholds may be 

allowed for either 3 % or 5 % of the time. 

 

Daylight 

Danish building regulations offer two ways to 

evaluate daylight in workrooms, occupiable room, 

and similar. One option is to ensure that the glass-to-

floor ratio is at least 10 % while adjusting for the 

light transmittance value of the glazing. The other 

option is to calculate the daylight factor at 

workplaces, which must be at least 2 %. To meet 

2020 requirements the daylight factor must be 3 %. 

Using these requirements, we established a scoring 

function that depends on both daylight factor and 

glass-to-floor ratio as shown on Figure 1 (c).  

Finally, the three scores are combined into a single, 

holistic score, EDT, by assigning user-defined 

weighting factors. In the case study below, we use 

weighting factors of 50, 25, and 25 % for energy, 

daylight, and thermal comfort, respectively. Similar 

approach and weighting is used by Bjørn and Brohus 

(2006) when combining energy use, atmospheric and 

thermal comfort into one score called “Eco-factor”. 

Moreover, the chosen weightings are similar to the 

ratios between the maximum score for energy, 

thermal comfort (summer), and visual comfort in the 

Danish DGNB assessment system. An additional 

property is that the holistic score becomes zero if 

either one of the scoring functions is zero. This 

prevents possible high holistic scores at the expense 

of a single objective.  

Uncertainty and sensitivity analysis  

Uncertainty and sensitivity analysis play an essential 

role in turning data from a large number of 

simulations into design information that support 

decision-making. In the proposed methodology, we 

first apply the method of Morris to rank variable 

input in accordance to sensitivity. Secondly, we 

perform thousands of Monte Carlo simulations and 

apply Monte Carlo Filtering to assess the outcome. 

The two methods may be performed individually or 

in combination depending on the scope of the 

analysis. Both methods consist of the steps described 

in Figure 2.  

 

 

Figure 2 Workflow for automated building 

simulations. 

In this work, emphasis is on early building design 

and investigation of design space. Hence, variable 

inputs are described using uniform probability 

distributions. For example, insulation thickness may 

vary from minimum 150 mm to 300 mm with even 

probability since the designer may choose this value. 

This variability analysis is in contrast to regular 

uncertainty and robustness analysis, where inputs 

Figure 1 Scoring functions for energy demand, thermal comfort, and daylight.  
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related to user behaviour, weather, and physical 

inaccuracies, often follow a normal or log-normal 

distribution.  

 

Sensitivity using method of Morris 

The method of Morris is a computational effective 

way to screen a large number of inputs in order to 

find those, which show: negligible, linear and 

additive, or nonlinear or interaction effects (Morris 

1991). Morris (1991) introduces the concept of 

elementary effect EE of a model 
1( , , )kY X X  with 

k inputs. The k-dimensional input space is discretized 

into p levels by splitting their values into p quantiles. 

Then the elementary effect for the ith input factor in a 

point X is defined as (Saltelli et al. 2008): 
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where r is the number of samples. The mean *

i

indicates the overall influence of the ith input on the 

output Y. Thus, sensitive inputs have relatively high 

values of *

i  whereas negligible inputs have low 

values. If the standard deviation is large compared to 

the mean, then the computation of EE is strongly 

affected by choice of sample point at which it is 

computed. That means this input depends on the 

values of other inputs, or the input has non-linear 

relation with the output Y.  

 

Monte Carlo simulations 

Following the screening exercise above, we want to 

explore the global design space in depth by 

performing thousands of Monte Carlo simulations. 

When doing so, we may use the same design inputs 

as before or narrow down the number of variables by 

omitting inputs with little or no influence on the 

output as indicated by the method of Morris.  

The sampling strategy is to investigate the largest 

possible design space. If design variables are divided 

into discrete values with equal probability, all 

combinations could be investigated when using full 

factorial sampling. Unfortunately, the required 

simulations grow exponentially with the number of 

design variables. Instead, we may choose between 

different sampling techniques to reduce the number 

of simulations by investigating a subspace, which is 

still representative of the entire design space. These 

methods include amongst others; fractional factorial 

sampling, Latin hybercube sampling, stratified 

random sampling and quasi-random sampling using 

low-discrepancy sequences (Saltelli et al. 2008). In 

this work, we use the low-discrepancy sequence LP 

since generation of quasi-random numbers are 

independent of the number of variables. And more 

importantly, it is possible to increase statistical 

convergence when compared to randomly generated 

numbers (Sobol’ & Shukman 1993). From the quasi-

random numbers and the uniform probability 

distributions, we construct an input matrix and run 

simulations.  

From the Monte Carlo experiment, we yield 

thousands of input-output relationships to be 

analysed using various statistical techniques.  

Scatterplots can reveal both linear and non-linear 

correlations including the strength of the correlations. 

Boxplots show minimum and maximum values, 

which correspond to best-case and worst-case 

scenarios of the current design. In addition, 

quantitative sensitivity measures can be calculated 

using Pearson’s product-moment correlation or 

Spearman’s rank correlation (Joint Research Centre 

n.d.). Finally, we can apply Monte Carlo filtering to 

achieve valuable design information as stressed out 

in the following. 

 

Monte Carlo Filtering 

A key element of the proposed methodology is to 

apply Monte Carlo Filtering to identify regions of the 

design space, which are more likely to produce 

acceptable results. Furthermore, it helps showing the 

effect of constraints for various objectives, such as 

energy demand, daylight, and thermal comfort. For a 

model ( )Y  X with k variables, such that 

1 2( , , , )kX X XX = , we split the output into two 

subspaces referred to herein as B and B  

corresponding to behavioural and non-behavioural 

results, respectively (Saltelli et al. 2008). Likewise, 

each input Xi domain is divided into two subspaces, 

( | )iX B  and ( | )iX B , depending on whether they 

produce behavioural or non-behavioural output. The 

benefits of applying Monte Carlo Filtering will 

become apparent in the case study below.   

 

Figure 3 Monte Carlo filtering of input Xi and output 

Y into behavioural and non-behavioural subspaces. 
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CASE STUDY 

Office building description 

The proposed methodology is tested on a simple, 

office building to illustrate how the method may be 

applied in praxis. Furthermore, we show how the 

gained knowledge makes it plausible to create better 

performing building design. The three stories office 

building with basement has a rectangular shape 

measuring 60 x 15 x 9.9 m. Rectangular offices 

measuring 4 x 6,25 m are situated along the 

elongated facades oriented towards south and north, 

respectively. Heat loads from persons and equipment 

are uniformly distributed with values 4 and 6 W/m² 

according to Danish building code.  

Benefits of Monte Carlo Filtering 

First, we demonstrate the effect of adding filters for 

different objectives in relation to the distribution of 

“behavioural” simulations. Using the office building 

above, we run 3000 simulation with 18 uncertain 

inputs with uniform probability distributions. Figure 

4 shows distributions of behavioural simulations 

related to a highly sensitive input – the size of the 

windows’ overhang. Without filters, we see an even 

distribution, which is due to the uniform probability 

distribution used when sampling. First, we remove 

simulations not meeting Danish energy requirements. 

Approximately one third of simulations disappear but 

the behavioural simulations are still distributed 

evenly with respect to windows’ overhang. Secondly, 

we remove simulations not meeting the thermal 

requirement of maximum 100 h above 26 °C. This 

has large impact on the distribution, which shows 

that the larger the overhang, the better.  Finally, we 

filter out the simulations with daylight factors below 

2 %. Since overhang reduces daylight, many of the 

simulations with large overhangs are removed. In this 

example, we conclude that the overhang must be in 

the range 5 – 43° and preferably more than 20°. 

Generally, the example shows the importance of a 

holistic design approach, in which we consider 

interdependent objectives simultaneously.  

Another benefit from Monte Carlo Filtering becomes 

apparent when analysing relationships between 

mutual interdependent and sensitive inputs. To 

inspect such a relationship we use a scatterplot as 

shown on Figure 5.  

 

 

Figure 5 Input-input scatterplots with and without 

filtering. 

In this case, we used filtering to select the 10 % best 

performing results using the holistic score, EDT, 

defined above. Without filtering, we see that the 

points are evenly distributed in the two-dimensional 

space. After applying the filter, we see strong 

dependency between g-value and window size as 

expected. The plot shows how much we can expect 

to reduce the g-value when increasing window size. 

If the designer chooses a combination of low g-value 

and small window percentage, there are many 

options to choose from, which mean the designer has 

lot of freedom to vary other uncertain input as well. 

The “outliers” along the boundary are also feasible 

design options but choosing such outliers will put 

constraints on other inputs, e.g. overhang and solar 

shading.  

Combining SA and Monte Carlo Filtering 

In this example, we demonstrate how Morris analysis 

followed by Monte Carlo Filtering improves building 

performance. After setting up the baseline model for 

the office, we choose 22 design parameters to which 

we assign uniform probability distributions as shown 

in Table 1. Relatively wide spans are used in order to 

investigate a very large design space. The 22 

parameters are divided into three categories: building 

form, built quality, and technical systems.  

  

Figure 4 Histograms for behavioural simulations when gradually applying filters. 
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Table 1 Input spans for 22 design parameters. 

Parameter Span Unit 

  Min Max  

11 Window-%, N 25 75 % 

12 Window-%, S 25 75 % 

13 Overhang 0 45 ° 

14 Side fins 0 30 ° 

15 Window opening 0 10 % 

16 Solar shading, Fc 0.2 1 - 

17 Mean reflectance 0.4 0.6 - 

18 Wall thickness 0.4 0.6 m 

21 Heat capacity 60 140 Wh/Km² 

22 g-value 0.3 0.7 - 

23 U-value, windows 1.0 1.6 W/m²K 

24 U-value, walls 0.10 0.15 W/m²K 

25 U-value, terrain 0.08 0.13 W/m²K 

26 U-value, roof 0.08 0.18 W/m²K 

27 Lin. heat loss, base 0.1 0.4 W/mK 

28 Lin. heat loss, windows 0.02 0.06 W/mK 

31 Mech. ventilation, qm,s 0.9 3.6 l/s m² 

32 Venting, qn,n 0.9 1.2 l/s m² 

33 Heat recovery,  0.70 0.95 - 

34 Specific fan power 1.5 2.1 kJ/m³ 

35 Lighting, stand-by 0 1 W/m² 

36 Lighting, installed 4 10 W/m² 

 

Sensitivity using method of Morris  

First, the method of Morris is used to rank the 

parameters in relation to their sensitivity and identify 

parameters that are non-linear or highly correlated 

with others.  

As input for the method of Morris we used r  = 10 

samples, p = 8 levels and M = 100 possible trajec-

tories. The method is applied for the holistic  score 

EDT as shown on Figure 6. The most influential 

parameters are: g-value, window percentage (south), 

mean reflectance, window percentage (north), 

overhang, and heat capacity. Addtionally, the plot 

reveals non-linear or correlated behavior of the 

parameters close to the standard-error-of-mean line: 

g-value, windows percentages, and solar shading. In 

contrast, the mean reflectance is the third most 

sensitive parameter but shows little correlation or 

non-linearity, which  fits well with the algorithms in 

use.  

 

Monte Carlo simulations 

Following the Morris analysis, we perform 2500 

Monte Carlo simulations using the same variable 

inputs and spans. Alternatively, we could have 

excluded the parameters showing little or no 

influence according to the sensitivity analysis. Since 

we are interested in initiatives to improve the overall 

performance of the design, we apply Monte Carlo 

Filtering to select the 10 % highest holistic scores. 

Hereafter, we create a histogram for each variable 

input to see how the 10 % best scores are distributed 

in relation to the different inputs. In Table 2 the 

parameters are ranked according to their sensitivity. 

For about 5 – 7 of the most sensitive the histograms 

show tendencies, from which we can make 

recommendations in terms of favourable input spans 

and non-favourable spans. Recommended spans are 

listed to the right in Table 2.  

As proof of concept, we performed two additional 

runs of each 3000 Monte Carlo simulations – one 

using the recommended input spans and the other 

using the adverse spans. Initial spans were 

maintained for inputs where no recommendations 

were made.  

 

Table 2 Histograms for top 10 % best performing 

simulations along with recommended spans. 

Parameters are ranked according to sensitivity. 

Parameter Initial spans Hist. Recommended 

 Min Max  Min Max 

g-value 0.3 0.7  – – 

Window-%, S 25 75 33 60 

Mean reflectance 0.4 0.6 0.5 0.6 

Window-%, N 25 75 30 65 

Overhang 0 45 – – 

Heat capacity 60 140 85 140 

Lighting, inst. 4 10 – – 

U-value, windows 1.0 1.6 – – 

Solar shading, Fc 0.2 1 0.2 0.6 

Side fins 0 30 – – 

Lighting, stand-by 0 1 – – 

Specific fan power 1.5 2.1 – – 

Heat recovery,  0.7 0.95 – – 

Wall thickness 0.4 0.6 – – 

Mech. ventilation 0.9 3.6 – – 

Window opening 0 10 – – 

Venting, qn, n 0.9 1.2 – – 

U-value, roof 0.08 0.13 – – 

Lin. heat loss, win. 0.02 0.06 – – 

Lin. heat loss, base 0.1 0.4 – – 

U-value, walls 0.1 1.5 – – 

Lighting, installed 0.08 0.13 – – 

Figure 6 Estimated means and standard deviations of 

the distributions of EE’s in relation to the EDT-

score. Line corresponds to standard-error-of-mean. 
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Distributions of the resulting holistic scores for each 

of the two runs are shown on Figure 7. 

Comparing the two runs, we observe a clear shift 

towards higher scores when using the recommended 

spans. The zero score means that at least one of the 

requirements is not met. The number of simulations 

resulting in a zero score is reduced from more than 

2000 to less than 300 simulations, which means the 

remaining design space will be increased 

significantly when following the design 

recommendations. Since we still observe zero scores 

for the recommended spans, we cannot ensure that 

requirements will be met. For example, the EDT 

score may result in zero if the design team use the 

“worst” combinations of the remaining spans such as 

high U-values combined with poor ventilation 

performance. 

Figure 8 shows scatterplots and histograms for the 

10% best performing simulations in relations to the 

three most sensitive inputs and the least sensitive 

input. In addition to showing distributions of the best 

simulations, these small multiples of plots help to 

identify direction, form and strength of important 

input-output relationships. As expected, we observe 

relatively strong positive relation between daylight 

and the two inputs: reflectance and window 

percentage. For energy consumption, there are 

moderate linear relationships with g-value and 

window percentage where large g-values and low 

window percentages reduces energy demand. 

However, some of the highest holistic scores are seen 

at lower g-values and relatively high window 

percentages. For the least sensitive input, Uterrain, we 

observe neither direction nor form.   

 

Figure 8 Scatterplots and histograms for the 10 % 

highest EDT-score related to the three most sensitive 

inputs and the least sensitive input. 

CONCLUSION 

This study showed how uncertainty analysis and 

sensitivity analysis could be applied to support 

decision-making in early building design. Emphasis 

was on addressing correlated objectives 

simultaneously – in this case energy demand, thermal 

comfort, and daylight. A holistic score was shown to 

ease comparison of designs and rank inputs after 

sensitivity on overall performance. The method of 

Morris proved useful to screen a large number of 

uncertain inputs to focus on the most influential ones 

and reveal possible correlations and non-linearity. 

Monte Carlo simulations made it possible to 

investigate a large design space defined by inputs 

with uniform probability distributions. Such 

distributions works well with subsequent Monte 

Carlo Filtering making it possible to identify 

favourable and adverse input spans for important 

inputs. In conclusion, the methodology make the use 

of building simulations more pro-active compared to 

the widespread evaluative use, that give little or no 

guidance on how to improve the building design. 

Practical implications of the proposed methodology 

include: (a) continuously identification of design 

inputs that matters most, (b) awareness of 

interdependent inputs, (c) global investigation of a 

large design space to achieve higher performing 

designs, (d) holistic approach to ease comparison that 

ensures well-balanced design, (e) handling of design 

uncertainty and variability.  

Limitations and further research 

Often the most important design objective is building 

costs, which was omitted in this study. Though, 

estimating cost when doing stochastic simulations 

may be an impossible task, since there are no unique 

way to calculate cost of variable overhangs, shading 

systems, glass quality, etc. Instead, the proposed 

method help identify feasible regions in design space, 

after which the design team use experience to 

determine what is feasible when considering cost, 

aesthetics, construction, etc.  

Figure 7 Distributions of holistic scores when using 

adverse spans (left) and recommended spans (right). 
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Using weighting factors to combine outputs into a 

single score emphasizes holistic design but the 

different choices of weighting factors may lead to 

different conclusions. As an alternative to fixed 

weighting factors, the design team may apply and 

vary filters values for each objective independently. 

Again, this will split the simulations into behavioural 

and non- behavioural regions from which favourable 

inputs spans can be identified. The filter values may 

be varied until a suitable number of behavioural 

inputs are obtained or until the desired level of 

performance is reached. When seeing the 

consequences of the filtering, the design team may 

want to change the initial requirements (filter values), 

e.g. seeking higher performance for one objective 

while accepting a slightly lower performance for 

another.  

For this study, we used idealised models where speed 

and level of detail where suitable for comparison of 

stochastic simulations in early building design. 

Further research is needed to incorporate advanced 

simulation model to improve validity of calculations 

and allow for analysis of advanced systems, 

fenestration, etc. Such effort would presumably 

require the use of computer clusters or cloud 

computing to account for the vast increase in 

computational effort.    
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