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Abstract 

By simultaneously considering geometrical and energy 

systems design parameters, synergies between building 

energy demand and supply can be exploited in the design 

of low-carbon buildings. However, existing literature 

lacks explicit quantification of such synergies. This work 

investigates the parameter interdependence between the 

building design problem (energy demand) and the 

respective Multi Energy Systems design problem (energy 

supply) for buildings in the city of Zürich, Switzerland. 

This is done using two global sensitivity analyses in 

sequence: first, a Morris screening to identify the subset 

of the most important parameters, and then a Sobol 

analysis to quantify their individual (direct) influence and 

their shared influence (through interactions) on the design 

output. The workflow includes sampling real building 

geometries, energy demand simulations with 

EnergyPlus/Honeybee, and multi-energy systems design 

optimisation using a Mixed-Integer Linear Programming 

model.  

Results show that parameter interdependence 

(interactions) between building- and multi-energy 

systems design has a significant impact on the variance of 

the cost and carbon emission outputs, particularly for the 

emission- rather than the cost output variance. 

Additionally, geometrical design parameters are most 

likely to interact, followed by energy systems, and lastly 

demand parameters. 

Key Innovations 

• Quantification of interactions between building 

design, use, construction, and energy systems design 

• Software framework for conducting a sensitivity 

analysis on a large urban scale 

• Parametric building models from existing data 

• Interdisciplinary sensitivity analysis by the coupling 

of several building and energy systems models 

Practical Implications 

• Results suggest significant cost and carbon 

improvements when designing buildings and energy 

systems simultaneously instead of sequentially, 

particularly when minimising emissions. This implies 

a strong need for early and consistent interdisciplinary 

collaboration in sustainable building design. 

• Geometrical and energy system design parameters, 

including pricing, cause more interactions than 

parameters driving energy demand such as material 

choice or occupant behaviour, and should therefore be 

prioritised in interdisciplinary design discussions.  

• This study shows an increase in complexity when 

designing low-carbon buildings as compared to low-

cost buildings. To mitigate climate change, resolving 

this complexity in sustainable building projects must 

be encouraged and rewarded. This requires further 

improvements to building regulations by the 

authorities and improved business cultures and 

construction practices in the industry. 

Introduction 

Interdisciplinary collaboration and integrated design from 

an early stage building design allow for greatly increased 

potentials in mitigating carbon emissions (SBIS, 2002).  

Recently, the significance of such integrated design has 

been investigated in the architecture, urban planning, and 

multi-energy systems (MES) domains. For example, Shi 

et al. (2020) performed an in-depth sensitivity analysis 

(SA) aiming to quantify the interdependencies between 

the design of street layouts and the cost-effectiveness of 

district cooling systems, focusing on larger urban scales 

and district cooling networks. Other papers investigated 

the significance of coupling building with MES design on 

the building level (Mavromatidis et al., 2018, Waibel et 

al., 2019), but still lacked an explicit quantification of 

interaction effects. 

Hence, the purpose of this research is to quantify the 

degree to which interactions between building design 

parameters and energy system design parameters have an 

impact on the variance of the cost and carbon emissions 

of building energy supply, using Zürich as a case study.  

The hypothesis is that these interaction effects are 

significant. In other words, we suspect that designing a 

building and its energy system separately will yield less 

efficient solutions than when designing these aspects hand 

in hand: 

min 𝑓(𝑥bldg, 𝑥enSys) < min  𝑓(𝑥bldg) + 𝑓(𝑥enSys) (1) 

where 𝑥bldg are building design variables, 𝑥enSys are 

energy systems design variables and 𝑓 is a function to be 

minimized for informed decision making. 

This question was investigated in a virtual environment, 

using open-source building geometry data, custom 

building- and energy models, an MES optimisation tool, 

and statistical analysis tools. 
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Methodology and Case Study 

To study the interaction effects between building design 

parameters and multi-energy systems design parameters 

on the variance of the cost and carbon emissions, a model 

framework was developed that simulates building energy 

performance with both sets of parameters as inputs, and 

cost and carbon emissions as outputs. The SA’s are 

performed on this framework to determine the interaction 

effects. Both the model framework and the SA’s will be 

presented in this section, as well as the uncertainty 

characterisation (UC), which defines the input selection 

and their distributions - the input space.  

The framework consists of three sequential models: 

1. Building Geometry model 

2. Building Energy model 

3. Multi Energy System Design Optimisation Model 

(Energy Hub model) 

The building geometry model parses individual building 

geometry inputs for the building energy model, which 

takes energy-related inputs such as material properties, 

occupant presence, and behavior and heating and cooling 

setpoints to calculate the building energy demands. 

These are fed into the energy hub model, which takes 

MES-related inputs, such as technology costs and 

efficiencies. The energy hub then selects and sizes the 

conversion and storage technologies that need to be 

installed and determines the energy supply to calculate the 

final costs and emissions. 

A Sobol Global Sensitivity Analysis (GSA) requires a 

large number of model evaluations. Therefore, to limit 

computational expense, the number of relevant design 

parameters considered in the SA needs to be reduced. To 

this end, the most important parameters are selected using 

the Morris method as described by Saltelli, (2006) which 

is a parameter screening technique that requires a small 

number of model evaluations. This smaller set of 

parameters is used in the Sobol GSA method, also as 

described by Saltelli (2006).  The overall research 

methodology is shown in Figure 1. 

 

Figure 1: Simplified overview of the methodology 

Uncertainty characterisation 

A total of 90 uncertain input parameters were selected for 

the Morris screening. They include climate and weather 

variables, building construction variables (U-Values, 

infiltration, etc.), geometric variables (roof height & 

building index from a pool of existing buildings), 

technology variables (efficiencies, charge rates, etc.), as 

well as economic variables (grid electricity tariffs, energy 

carrier prices, investment costs of energy technologies, 

etc.). The complete list of parameters has been selected 

based on what parameters are often studied in both Energy 

Hub and Building Energy-related research papers. The 

full list of parameters, including their respective 

distributions and data sources/references are shown in 

Bufacchi (2020). Note that the building index simply 

represents which building has been sampled from the city 

model. Each building in the model is numbered with a 

building index. 

Following is an overview of the parameters per subject. 

Climate 

To account for potential differences in the urban 

microclimate impacting the energy model, a set of 

microclimate-adjusted weather files is generated. To this 

end, ambient temperature data from four urban/suburban 

weather stations between 2010 and 2019 have been 

collected, as well as weather data from a Zurich ‘typical 

year’. The chosen stations are shown in Table 1.  

Table 1: Weather stations used for climate characterisation 

Weather station Context type Years 

Airport Kloten Suburban 2010-2019 

Rosengartenstrasse Urban 2014-2019 

Schimmelstrasse Urban 2010-2019 

Stampfenbachstrasse Urban 2010-2019 

For each urban weather station and each year, the hourly 

difference between the ambient temperatures of the urban 

and suburban station was added to the hourly 

temperatures of the typical year. This created 26 new 

weather files, each with a unique, but similar temperature 

profile to represent the uncertainty of Zurich’s urban 

microclimate: 

 𝑇𝑢𝑟𝑏𝑎𝑛 − 𝑇𝑠𝑢𝑏𝑢𝑟𝑏𝑎𝑛 +  𝑇𝑡𝑦𝑝𝑖𝑐𝑎𝑙 = 𝑇𝑛𝑒𝑤  (2) 

where 𝑇 represents the annual hourly time series of 

ambient air temperatures. 

Building stock sourcing and geometry 

An open-source model of Zurich with 12’000 buildings 

(consisting of footprints and heights) is used. Buildings 

are individually sampled after being sorted according to 

their footprints area. The roof geometry is generated as a 

gable-end roof with a height between 0 and 40% of the 

building width. The floor height was taken as 3m. The 

variability in building geometry, therefore, lies in the 

building footprint, height, and roof pitch. 

 

Figure 2: Full LoD1 Zurich building model 
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Building & occupant use 

The building use is residential, applied to all thermal 

zones in the energy model.  

The schedules included in the model are occupancy, 

activity, heating setpoint, cooling setpoint, lighting, 

equipment, infiltration, and domestic hot water (DHW). 

They are all sourced from the ‘midrise apartment’ zone 

programs in Energy Plus (E+) (sourced from ASHRAE 

90.1-1989, Section 13) and are not varied between model 

evaluations. Variability in the schedules would be a 

worthwhile inclusion in future studies, but in this study, 

occupant-related uncertainty is partially included in the 

UC of the occupant density, equipment loads, and lighting 

density.  

Carbon intensity of construction 

For calculating the total yearly (levelized) embodied 

greenhouse gas (GHG) emissions of a building, surface 

areas of the building elements are multiplied by an area 

normalized GHG emission factor using data from 

KBOB,(2016) and divided by their lifetime. To represent 

uncertainty in carbon intensity, the GHG emission factors 

are sampled uniformly from a range between 20 and 

110
𝑘𝑔𝐶𝑂2

𝑚2 , representing light timber as the lower bound, to 

heavy concrete and steel construction as the upper bound. 

As it represents the building materials, for simplicity the 

carbon intensity of construction (CIoC) acts as a proxy for 

the volumetric heat capacity, and thereby the thermal 

mass of the building. Details can be found in Bufacchi 

(2020).  

Heating & cooling setpoints 

Heating and cooling setpoints (SP) for the building energy 

model are 20 and 27 °C respectively, based on the norm 

SIA 2024, (2015). They are sampled using a normal 

distribution with a standard deviation (SD) of 1°C, 

representing the uncertainty in occupant preferences. 

Shading setpoint 

Shading is represented by switchable electrochromic 

glazing. During the day, the shading is active for each 

hour the solar radiation incident on the window exceeds 

the shading threshold and the cooling in the previous hour 

was active too. At night, the shading is always active.  The 

shading activation setpoint is represented by a uniform 

distribution ranging between 30 and 350
𝑤

𝑚2. These values 

are based on typical irradiation values in Zurich.  

Table 2 UC of carbon intensity of construction and setpoints 

Parame

ter 

Unit Distr. Mean 

/ Min 

SD 

/ Max 

Source 

CIoC 𝑘𝑔𝐶𝑂2

𝑚2
 

uniform 20 110 KBOB 

(2016) 

Heating 

setpoint 
°C normal 20 1 SIA 2024 

(2015) 

Cooling 

setpoint 
°C normal 27 1 SIA 2024 

(2015) 

Shading 

setpoint 
𝑊

𝑚2
 

uniform 30 350 Meteo 

Suisse 

 

Energy carrier prices & lifecycle emission factors 

The UC of all energy carrier prices and life-cycle 

emission factors in Table 3 are represented by uniform 

distributions according to Itten et al. (2014), KBOB 

(2016), EWZ (2020), and Volkswirtschaftsdepartement 

EVD (2020). Energy carriers included are natural gas, 

biogas, and grid electricity. 

Table 3: UC of energy costs & emissions (Murray et al., 2019) 

Energy system parameters 

Distributions of the efficiencies, lifetimes, investment & 

operational costs, and embodied and operational 

emissions are considered for the following technologies: 
combined heat and power plant (CHP), boiler, biomass boiler 

(BB), air source heat pump (ASHP), air conditioning (AC), 

photovoltaics (PV), battery and thermal energy storage (TES). 
A full overview can be found in Bufacchi (2020).  

Miscellaneous parameters 

Besides the parameters shown in Table 4, the PV 

(photovoltaic) availability has been set as the roof area. 

Table 4: UC of miscellaneous parameters 

Parameter Unit Distribution Mean SD 

 

Discount rate % normal 8 2/3 

Biomass 

availability 
𝑘𝑊ℎ

𝑦𝑒𝑎𝑟
 

normal 10000 300 

Battery 

availability 
𝑊

𝑚2
 

normal 0.2 0.006 

TES 

availability 
𝑊

𝑚2
 

normal 0.7 0.021 

Building geometry model formulation 

The building model uses a city model as a base from 

which it selects individual buildings. For this research, a 

model of Zurich consisting of building footprints extruded 

to an average building height was used. The building 

model filters this city model for undesired and faulty 

building geometry, identifies the neighbouring context, 

parses and cleans the geometry, adds roof geometry, 

subdivides it into floors, adds windows, and derives 

geometrical characteristics. A graphical overview of the 

building model Grasshopper definition is shown in figure 

A1 in the appendix.  

In the imported city model, most building and city block 

footprint polygons are subdivided into smaller polygons, 

presumably according to postal address. Since these 

Energy carrier Energy costs Life-cycle 

emission factor 

 𝐶𝐻𝐹

𝑘𝑊ℎ
 

𝑘𝑔𝐶𝑂2 − 𝑒𝑞

𝑘𝑊ℎ
 

Electricity (peak) 0.189 – 0.275  0.110 – 0.252  

Electricity (off peak) 0.089 – 0.175  0.110 – 0.252 

Feed-in tariff for 

electricity 
0.046 – 0.085 - 

Natural gas 0.075 – 0.159  0.217 – 0.239 

Biomass 0.087 – 0.149  0.018 – 0.033 
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building meshes are generated automatically, there are 

inconsistencies in this process of subdivision, leading to 

unusual geometries. These geometries, as well as small 

structures such as power boxes and barriers, are therefore 

removed in a screening based on their size and height.  

The remaining geometry is divided into one thermal zone 

per story, and any shading surfaces are subdivided into 

convex polygons as required by the energy simulation 

software EnergyPlus before the roof geometry is added. 

The number of floors the building is subdivided into is 

dependent on the building height (excluding the roof). To 

prevent small zones with a low ceiling height, 1.5m is 

subtracted from the building height for the calculation. As 

such, each mesh is divided into floors according to: 

 𝑁𝐹𝐿𝑜𝑜𝑟𝑠 = ⌊
(𝐻𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔−1.5)

3
⌋ (3) 

After generating the geometry, the following geometrical 

characteristics are gathered to represent building design 

parameters: footprint, total floor area, number of floors, 

height, volume, orientation, and roof surface areas. Using 

these, the following derived characteristics are calculated: 

East-West / North-South ratio (EW-NS), aspect ratio, 

compactness, significant surfaces (faces that are not 

trivially small), and façade stepping, which is represented 

by the number of shared directions as a fraction of the 

number of significant surfaces of the building.  

To determine the embodied GHG of the building 

elements, the embodied emissions per unit of component 

surface area, and the respective areas are needed. The 

areas for all building elements except internal walls can 

be extracted directly from the building model. Since 

internal walls have not been modelled, their area is 

approximated according to: 

 𝐴𝑖𝑛𝑡𝑒𝑟𝑖𝑜𝑟 𝑤𝑎𝑙𝑙𝑠 =  6𝑆 ∙ (
𝐹

√𝐴𝑎𝑟𝑠
− √𝐹) (4) 

• F represents the area of the building’s footprint  

• 𝐴𝑎𝑟𝑠 represents the area of an average room 

• S represents the number of stories 

The buildings in a 75m radius are included to represent 

the urban context and simplified to convex hulls. The 

neighbouring buildings in direct contact with the building 

are not included in the context for further simplification. 

 

Figure 3: Building in white with added roof geometry and 

neighbourhood context in red 

Building energy model 

The building energy model was created using the 

Grasshopper plugin Honeybee1. Each building (i.e., each 

simulation run) is subdivided into thermal zones 

 
1 Honeybee version 0.064 

according to the number of floors. In terms of materials, 

loads, and simulation parameters, each zone is identical. 

The construction build-up of each construction element is 

represented as a single material, of which the overall U-

value, thermal mass, and g-value for the glazing are 

adjusted according to the model inputs.   

The energy model generates hourly time series of heating, 

cooling, domestic hot water (DHW), and electricity 

demands, as well as solar irradiation on the roof surfaces. 

Energy Hub 

The Energy Hub is a Mixed-Integer Linear Programming 

(MILP) optimization model, which designs an MES to 

optimally meet hourly energy demands (Geidl & 

Andersson, 2016). The source code for the model used in 

this study can be found online.2 

Executing the energy hub on one building sample results 

in 13 outputs that we use to quantify variable interaction, 

as well as 3 time series of the 15 typical days: 

Table 5 Energy hub outputs 

The Energy Hub outputs 7 sets of data representing 

carbon minimal, cost minimal, and intermediate solutions. 

These sets are denoted as 𝜀0 −  𝜀6, with 𝜀0 being the 

carbon minimal solution, 𝜀6 the cost minimal solution, 

and 𝜀1 −   𝜀5 forming the Pareto front between the two.  

Sampling 

Using the uncertain parameters described above, building 

models are sampled and evaluated for their building 

energy demand and corresponding energy hub design. 

Two sequences of input parameters are generated: one for 

the Morris screening, and one for the Sobol GSA. The 

Morris method is a one-at-a-time GSA method (where 

each model evaluation’s set of inputs is different only by 

one parameter from another set), and relies on its own 

sequencing method, while a Monte Carlo (MC) sequence 

can be used for the Sobol method.  

As shown in Figure 4, two cycles of the methodology are 

performed: first for the Morris screening on all 90 

parameters, and later for the Sobol GSA on the 15 most 

influential parameters. The functions MORRIS, and 

SobolSalt from the R package sensitivity were used for the 

respective analyses (Iooss et al., 2020).  

2https://github.com/christophwaibel/EnergyHubs/blob/
master/CplexEnergyHubs/AdamMSc2020/README.md 

Energy hub outputs Unit 

MES levelized costs CHF per year 

MES levelized combined embodied & 

operational emissions 
kg CO2 eq. per 

year 

CHP, boiler, BB, ASHP, and AC sizing kW  

Battery and TES sizing kWh 

Total sizing of the PV m2  

Biomass consumed kWh per year 

Heating, cooling & electricity loads; grid 

electricity purchased & exported; hourly 

operation of the energy systems 

kWh time 

series 
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Figure 4: Detailed methodology overview

Morris screening 

To reduce the parameter space, a screening GSA of the 

parameter importance is performed. To this end, the 

computationally cheap Morris Method is used.  Its 

advantage is that it requires relatively few model 

evaluations compared to other GSA methods. Its 

drawback is that it only provides a qualitative ranking of 

the importance of the parameters. It can sufficiently 

accurately tell which parameter is more important, but it 

cannot provide information on how much more important. 

The number of required model evaluations can be 

calculated according to the following equation: 

𝑀𝐶𝑒𝑣𝑎𝑙𝑠  =  𝑟(𝑘 + 1)  (5) 

where 𝑟 is the number of full sampling cycles and 𝑘 is the 

number of parameters. With 90 parameters, r is set at 40 

for a total of 3640 model evaluations in the screening.  

The Morris method generates 90 μ* values, one for each 

parameter, representing their relative importance. This is 

done for all 𝜀0 − 6 and for the levelized costs and 

emissions, for a total of 14 series. These series are ranked 

according to the μ*, and each parameter is assigned a 

score by summing their ranks across the 14 series. Using 

these scores, an overall ranking is created. However, some 

parameters represent only a part of a larger technology or 

model characteristic. The importance of the overall 

technology on the model variance is therefore split 

between these characteristics. To ‘level the playing field’, 

parameters are grouped into broader parameters, and their 

performance is assessed as a group. To do so, the µ* 

values of the parameters in the group are summed to 

represent the combined effects of this group as 𝜇∗
𝑔.  

Sobol method 

Using the results from the Morris screening, a second 

input sequence is generated for the 15 selected and 

grouped parameters, and another cycle of the building, 

energy, and Energy Hub models is completed for the 

Sobol analysis. The Sobol method is a variance-based 

GSA that can produce first order, second-order, and total 

order Sobol indices.  

A first-order index quantifies the model output variance 

caused by a single parameter directly. Each second-order 

index represents two parameters and quantifies the 

variance caused by changing these two parameters 

together – their interaction effect. Total order indices 

quantify the model output variance caused by a 

parameter’s first-order effects, as well as the interactions 

of all orders with every other parameter. 

In this study, the indices are calculated using area 

normalised values, representing the impact on the 

emissions, costs, or technology capacities per square 

meter.  

 In contrast to the Morris method, it provides a 

quantitative evaluation of a model’s sensitivity, as well as 

the input parameters’ interaction effects, but at the cost of 

significantly more model evaluations (Saltelli, 2006). 

Similar to the Morris method, the number of required 

model evaluations for a second-order Sobol analysis can 

be calculated according to the following equation: 

𝑀𝐶𝑒𝑣𝑎𝑙𝑠  =  𝑟(2𝑘 + 2)  (6) 

Ordinarily, for accurate results, 𝑟 is suggested to be 

between 500 and 1000. However, to limit 𝑟, a sampling 

method based on the Sobol sequence was used that covers 

the input space more evenly, and therefore more 

efficiently than a regular MC sampling method. With 𝑟 = 

320 and k = 15, the total number of model evaluations was 

10’240. Note that due to the stochastic sampling method, 

buildings could be sampled multiple times, and therefore 

not all 12’000 buildings in the city model were sampled. 

Results 

Morris screening 

15 parameters/parameter groups were chosen based on the 

Morris results. Groups of parameters are a collection of 

(topic-wise) related parameters that will be sampled 

jointly in the subsequent Sobol analysis to reduce the 

uncertain parameter space.  
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1. Building index 

2. Climate 

3. Roof height 

4. Ventilation 

5. Window to wall ratio (WtWR) 

6. Cooling setpoint 

7. Heating setpoint 

8. Shading setpoint 

9. Occupant density 

10. Equipment gains 

11. U-values of solid construction  

12. Window quality (window U-values & Infiltration) 

13. Energy system quality (efficiencies, storage charge 

rates & lighting density) 

14. Operational costs of energy systems 

15. Investment costs of energy systems 

Sobol method 

Figure 5 shows the total effects excluding the direct 

effects. In other words, it shows exclusively the 

interactions. From this can be seen that interactions are 

more important for the emissions than for the costs. This 

increased importance of interactions is more pronounced 

for the carbon-minimal cases, which would imply that the 

heavier emissions are weighted in the MES design 

optimisation, the higher the importance of interactions.  

 

 

Figure 5: The interactions for emissions and costs, calculated 

as the difference between the total index and the first-order 

index. The dashed lines divide the interactions into 3 sections. 

The axis labels can be found in the nomenclature below. 

Additionally, three distinct sections can be made out in 

Figure 5, shown by the blue lines: 

• The first section with the most interactions is 

comprised of entirely geometrical variables. 

• The second section contains the WtWR - a pseudo-

geometrical parameter; all the parameters relating to 

MES such as costs and technology quality; and some 

demand-based parameters, such as the cooling 

setpoint and occupant density 

• The last contains only demand-related parameters. 

According to this, geometrical parameters seem to exhibit 

the most interactions, followed by energy system / supply-

based parameters, with demand-based parameters having 

the fewest, including the climate. 

Similarly, Figure A2 in the appendix shows a 

predominance of interaction effects between the building 

geometry and almost all other parameters. Only the 

interactions of the building index (representing building 

shape) and U-values with the climate are not included 

amongst the most important effects. This is similar to the 

findings of Figure 5 i.e. that demand-based parameters 

have fewer interactions. Additionally, the direct effect of 

the building index affects the costs significantly more, 

again implying that the costs are affected by interactions 

less than emissions.  

Discussion 

In answering the research question, interaction effects 

between the building geometry and almost all other 

parameters, particularly energy system design parameters, 

have been shown to be highly significant. However, this 

may have been caused by the generality of the building 

index as a parameter that represents which building is 

modelled. As almost the only geometrical parameter 

(besides roof pitch), nearly all geometric properties of the 

building are lumped into this parameter, inflating its 

importance in the interactions. This precludes a more 

detailed analysis of which particular geometrical elements 

contribute most to these interactions. This aggregated 

representation of multiple geometrical parameters by a 

single parameter due to the Morris and Sobol GSA 

methods only being able to measure the sensitivity of 

variable and quantifiable input parameters. Since the 

modelling method samples from existing building 

geometries represented only by the building index, rather 

than generating geometry from multiple parameters, the 

GSA’s can measure the sensitivity of only this one 

parameter. Despite being able to derive further 

geometrical characteristics, their sensitivities can not be 

measured by the GSA’s since they are not model inputs.  

In this regard, in future studies, a more detailed sensitivity 

analysis of more specific geometrical parameters can be 

performed through generative modelling methods using 

multiple inputs that define the geometry, rather than a 

single index parameter that samples existing buildings.  

Furthermore, the broad scope of this research required a 

sequence of models. This resulted in 4 parsing steps 

between the models, which increased the risk of errors. 

Integrating the model chain into fewer software 

environments could mitigate this.  

0
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All interactions of emissions & costs
𝜀0: carbon minimal
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Conclusion 

This work addressed the combination of otherwise 

separately treated domains of building geometry (energy 

demand side) and MES design (energy supply side) by 

performing a Sobol sensitivity analysis. A parametric 

building geometry and energy model of buildings in the 

city of Zurich, Switzerland, and a multi-energy-system 

design optimisation model have been used to generate the 

data for the sensitivity analysis. The results of the Sobol 

GSA indicate that the interaction effects between building 

design parameters and multi-energy systems design 

parameters have a significant impact on the cost and 

carbon emission output variance. This is particularly the 

case for the interactions between the building geometry 

and energy system design parameters; and even more for 

the carbon emission- than the cost output variance. 

Additionally, geometrical design parameters were shown 

to be most likely to interact, followed by energy system 

technology parameters, and lastly parameters driving 

individual elements of the demand.  

This study demonstrates that in-depth GSAs can provide 

important insights into the development of sustainable 

building design methods; and the results further support 

the importance of early interdisciplinary collaboration, 

particularly for the design of low-carbon buildings.   
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Parameter Abbreviation 

Building index # 

Roof height factor Roof 

Window-to-wall ratio WtWR 

Heating setpoint SP-Heat 

Cooling setpoint SP-Cool 

Shading setpoint SP-shad 

Investment costs C-inv 

Operational costs C-op 

Energy technology quality Q-tech 

Window quality Q-W 

Occupant density OD 

Equipment gains Equip 

Ventilation V 

U-values U 

Climate Clim 
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Appendix A 

 

Figure A1: Building geometry & building energy model Grasshopper definition 

 

 

Figure A2: First and second-order Sobol indices. Second-order indices are shown by a pair of names. Note that the 

indices shown here are the most important ones. The remaining 106 indices are not shown. 

 

Table A1 First and second-order Sobol index names and values from Figure A2. 

Num.  Index & index pair names Cost Emis. 

1 Building index 0.48 0.28 

2 Building index _Cooling setpoint 0.19 0.19 

3 Building index _Tech quality 0.19 0.18 

4 Building index _Investment costs 0.18 0.17 

5 Building index _Occupant density 0.15 0.15 

6 Building index _Windows 0.17 0.13 

7 Building index _Roof height factor 0.12 0.17 

8 Building index _Shading setpoint 0.17 0.12 

9 Building index _WtWR 0.15 0.10 

10 Building index _Operational costs 0.14 0.10 

11 Building index _Heating setpoint 0.05 0.05 

12 Building index _Ventilation 0.03 0.03 

13 WtWR 0.03 0.02 

14 Cooling setpoint_Equipment gains 0.01 0.04 

15 WtWR_Cooling setpoint 0.01 0.04 

16 WtWR_Investment costs 0.01 0.03 

17 

Equipment gains_Operational 

costs 

0.01 0.03 

18 WtWR_Equipment gains 0.01 0.03 

19 WtWR_Tech quality 0.01 0.03 

20 Shading setpoint_Equipment gains 0.01 0.03 

21 Equipment gains_Tech quality 0.01 0.03 
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