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ABSTRACT: Environmental impact objectives are commonly found in building performance labels and rating 
schemes. Anticipating a building’s impact from the conceptual design stage and identifying decisions that do not 
compromise its chances of reaching these targets is therefore crucial. Yet, few methods and tools are able to 
provide tangible decision support through a context-specific and early-stage-oriented approach. This paper 
proposes a workflow to do so based on a generative approach and interactive decision trees. Illustrated on a 
case study, the approach consists in generating building scenarios by varying parameters not yet fixed at the 
early stage, including geometrical (e.g. building shape and height), architectural (e.g. façade opening ratio) and 
technical (e.g. heating system) parameters. The series of scenarios are evaluated in terms of their greenhouse 
gas (GHG) emissions over their life cycle (including construction and operation), as well as from building-induced 
mobility. The effects of filtering this database according to a given impact target are explored using a 
classification algorithm that produces a decision tree showing the proportion of target-complying and non-
complying scenarios, as well as the (un)favourable decision pathways. Stakeholders of the planning and design 
process can therefore get insights into the implications of a given string of decisions.     
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1. INTRODUCTION
Performance targets related to the environmental

impact of buildings over their life cycle can 
increasingly be found in labels and rating schemes, 
such as DGNB (developed in Germany) [1], LEED (that 
originated in the US) [2], and the Swiss SNBS [3] and 
2000-Watt Site [4] certifications, the latter based on 
the intermediate targets for 2050 from the 2000-
Watt Society concept [5, 6].  

Anticipating the impact of a building from the 
conceptual design stage and identifying decisions that 
do not compromise the chance of reaching these 
targets is therefore crucial. The ENV1.1 criterion of 
DGNB for instance begins with Indicator 1: LCA [life 
cycle assessment] in planning, consisting in 
comparing the “most likely / preferred building 
variants" in terms of their potential environmental 
impacts over the construction and use phases [7]. 
This task could greatly be facilitated not only by a 
workflow that allows comparing building variants, 
which are automatically generated and assessed, but 
that also provides information on the implications of 
each design decision with respect to the 
environmental impact of the building.  

However, assessing the life cycle performance is 
highly demanding in terms of time and high-
resolution details, which are both limited at the early 
design stage [8]. In practice, few methods and tools 
are able to provide tangible decision support through 
a context-specific and early-stage-oriented approach. 

A majority of the existing tools, ranging from simple 
spreadsheets to advanced dynamic simulation 
software (e.g. [9, 10]), are essentially made to assess 
one design, as opposed to providing support towards 
defining this one design. They are therefore more 
useful at a stage in the design process where at least 
some of the decisions have been made, e.g. building 
shape and dimensions and façade details. Although 
results can be compared to a performance objective 
value (e.g. related to a given certification scheme), no 
information is gained on the influential design 
parameters or on which changes could ensure 
compliance. 

At the European scale, the latest research 
suggests two promising paths towards increasing the 
usability of LCA in early design. First, based on 
parametric LCA [11], the German Caala software 
makes it possible to conduct a real-time assessment 
based on a simplified 3D model [12]. This method 
attributes pre-defined building components to reach 
a level of detail compatible with a LCA.  

Another approach consists in applying LCA within 
a generative data-driven method to construct a 
knowledge database of multiple design alternatives 
[13]. This approach was implemented into the French 
Vizcab software [14], which supports multi-
dimensional data exploration during the design 
process through parallel coordinate plots enabling a 
multi-dimensional exploration process [15].  
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Indeed, to bring insights to decision makers 
through a data-driven approach, not only is it 
necessary to generate a set of design alternatives, but 
this data must also be presented through meaningful 
and intuitive visuals. In a comparison of different data 
visualisation techniques applied to building 
performance simulation data, [16] stated that “The 
Decision Tree is […] the most suitable to show the 
impact of parameters.”  

This paper is a first attempt to use this type of 
visualisation, to represent the results from a 
workflow for supporting and informing early-stage 
decisions among various project stakeholders. The 
workflow is based on a generative approach and 
interactive decision trees. The objectives are to 
identify influential parameters and favourable versus 
constraining architectural and technical choices, 
towards supporting the elaboration of an 
environmental strategy from the planning stage, and 
the formalization of specifications, for example in the 
context of a master plan or architectural competition. 
 
2. METHODOLOGY 

The method consists in: 1) generating, for a case 
study piece of land (or lot), a series of building 
scenarios from a set of variable parameters (e.g. 
window-to-wall ratio), 2) evaluate their 
environmental impact, i.e. global warming potential 
(GWP) expressed in terms of greenhouse gas (GHG) 
emissions, and 3) investigate the implications of 
applying different GWP targets on the (un)favourable 
variable parameter options, through a decision tree-
type of visualisation. We briefly present these three 
phases, with a focus on step 3. Further details on 
steps 1 and 2 can be found in [17], which describes 
the overarching applied-research project named 
SETUP (Specific Environmentally-conscious Targets for 
Urban Planning). The whole process is semi-
automated by streamlining the modelling, simulation, 
and data processing steps using various software that 
are introduced in the following sections.  
 
2.2 Generation of scenarios  

The case study lot is located on an existing 
industrial site under development, located in 
Fribourg, Switzerland. At this stage of the project, 
only the maximum constructible height (of 19 m) and 

the building program (office) have been defined in 
the masterplan. To generate building scenarios on the 
lot, 16 variable parameters are considered in this 
study, including geometrical (building shape, depth 
and height), construction (window-to-wall ratio, 
glazing type, insulation level, etc.) and technical (e.g. 
heating system, surface of photovoltaic panels on 
roof) parameters. For each parameter, a set of at 
least two options are defined (e.g. window-to-wall 
ratio of 0.4, 0.65 or 0.9).  

Saltelli’s extension of the SOBOL sequence [18] is 
used to sample the space of possible scenarios; a 
total of 13,177 scenarios are thus generated and 
evaluated. Fig. 2 illustrates four example scenarios 
showing variations, among others, in terms of 
window-to-wall ratio, building dimensions, and height 
of the surrounding buildings (context height being 
one variable parameter). 

A 3D model of each scenario is automatically 
drawn through a parametric modelling script 
developed in the 3D modelling software Rhinoceros 
(Rhino) [19] and associated graphical algorithm editor 
Grasshopper (GH) [20].  
 
2.3 Evaluation of environmental impact  

Impacts from the building construction and 
operation phases are accounted for in the calculation 
of its GWP. We also consider the building-induced 
mobility, that is, the impact from the traffic that can 
be attributed to the building’s existence [21].  

The embodied GHG emissions from materials 
used in the construction phase, as well as related to 
the systems, are estimated using data (i.e. GHG 
emission factors and building and component 
lifetime) from [22] and [23]. Emissions factors are 
multiplied by the corresponding element’s surface, 
volume, or number of units, considering also 
replacements during the building lifetime. These 
simple mathematical operations are done directly in 
GH. 

Emissions related to the energy consumption for 
space and water heating and for electricity (lighting, 
ventilation, etc.) during the operation phase are 
calculated through dynamic hourly simulations, via 
GH plugins Ladybug+Honeybee [24], which run 
through OpenStudio [25] and EnergyPlus [26].  
 

 

 
 
Figure 2: 3D model of case study with location of evaluated lot within the industrial site under development, and examples of 
the generated building design variants.   



 

Occupancy and load profiles corresponding to an 
office building are mainly defined based on [27]. As 
mentioned, further information on simulation 
hypotheses can be found in [17].  

Finally, the GHG emissions associated to building-
induced mobility are estimated following the 
calculation method found in [21], directly coded in 
GH. Although this mobility impact here remains 
constant across scenarios, it is included so as to allow 
comparison of the total results to the Swiss SIA 2040 
targets [6], which encompass all three domains 
(construction, operation and building-induced 
mobility).  

The generation and evaluation process lasts in the 
order of a few hours for the 13,177 scenarios, the 
most computationally-demanding step being the 
dynamic hourly simulations. 
 
2.4 Classification for decision tree 

To investigate the implications of imposing a given 
GWP target, e.g. related to a certain building 
performance label, the results database is processed 
through a classification algorithm used to produce an 
interactive decision tree. Fig. 1 illustrates the 
structure of an example decision tree [28]. Instances 
(in our case, scenarios) are classified based on their 
class and their feature values. The class is here 
equivalent to the scenario's compliance to the GWP 
target; yes: below target, no: above target. A feature 
here corresponds to a variable parameter.  

In Fig. 1, the features and their values are 
respectively represented by nodes (Nx) and branches 
(bx-y), where y is a value for parameter x.  

 

 
 

Figure 1: Decision tree structure with nodes (Nx), branches 
(bx-y) and resulting class (yes/no). Schema adapted from 
[28]. 
 

The C4.5 algorithm is here employed through the 
‘LearningJS’ library [29], with the information gain as 
a splitting criterion [30]. Information gain is a 
measure of the level of ‘purity’ (same class) of the 
data subsets corresponding to a given feature's 
values. It is used recursively to determine the 
hierarchy of parameters that can best discriminate 
between complying and non-complying scenarios and 
that lead to the most compact tree. This visualization 
thus allows seeing, for the most important 
parameters, which of their option(s) lead to 

(un)favourable scenarios with respect to a given 
indicator target.  

It is to note that the ordering of the features, i.e. 
the relative positioning of the variable parameters in 
the sequence of nodes, is not fixed. Indeed, as 
mentioned, the classification algorithm determines 
the hierarchy of the features and it is therefore not 
possible to impose a certain parameter order. As 
such, the resulting sequence will not necessarily 
follow a logical or chronological project decision 
stream, as will be seen in the next section. 

A dedicated web app, developed in the context of 
the SETUP project [17], generates the decision tree 
(i.e. runs the classification algorithm) and produces 
an interactive visualization from an uploaded JSON 
file. This file is previously automatically built and 
exported by an Excel-based tool using the VBA-JSON 
library [31]. The web app enables users to open/close 
tree branches and view data on the number of (non-) 
complying scenarios at each node.  
 
3. RESULTS AND DISCUSSION 

The first few nodes and example branches of the 
decision tree generated from the database are shown 
in Fig. 3, for a GWP target of (a) 20 kgCO2-eq/m2yr 
(corresponding to the SIA 2040 target for office 
buildings [6]), and for a slightly higher value of (b) 22 
kgCO2-eq/m2yr. Each node is represented as a pie 
chart showing the share of complying (green) and 
non-complying (red) scenarios. The overall database 
distribution, found in the first node (root of the tree), 
indicates that by increasing the target by 2 kgCO2-

eq/m2yr (i.e. by 10%), the percentage of complying 
scenarios goes from 55% to 85%. This first piece of 
information provides insights into the feasibility of 
aiming for a given performance target. We could also 
imagine progressively reducing the target to see what 
GWP value could still be reachable and by which 
string of decisions. Although not illustrated here, 
feasibility results drop to 24% and 3% when 
decreasing the target to 18 and 16 kgCO2-eq/m2yr 
respectively. At 15 kgCO2-eq/m2yr, there are no more 
complying scenarios (0% feasibility). It must be kept 
in mind that this result depends on the characteristics 
of the case study, including the options considered 
for the different variable parameters.  

By comparing the two trees, we also observe that 
the first parameter is different. In Fig. 3(a), the type 
of construction for horizontal elements (roof, slabs) is 
at the root, whereas the heating system is found to 
be the most efficient classifier for tree (b). According 
to the target, different parameters are thus brought 
to the attention of the user, who is informed on the 
strongly influential decisions. These are captured by 
the tree root and following nodes and their 
corresponding branches.  
 



 

 
 

 
(a) 20 kgCO2-eq/m2yr target 

 
 

 
(b) 22 kgCO2-eq/m2yr target 

 
Figure 3: Decision tree (root and example branches) showing at each node (option/parameter) the proportion of scenarios that 
have an impact below (green) and above (red) the GWP target of (a) 20 and (b) 22 kgCO2-eq/m2yr.  
 
 
 



 

As mentioned, the order of the parameters is 
dictated by the classification algorithm and thus 
leads, for the presented examples, to a sequence that 
does not follow a standard decision flow. To allow the 
user to impose a certain parameter order would 
require a complementary visualization technique. 
However, this integration of parameters within a 
single graph provides an overview of the interplay 
between parameters that are typically rather treated 
separately and at different design stages.  

In the first tree, the user has opened up the 
branches corresponding to a concrete construction 
type, where about 3/4 of scenarios are non-
compliant, and a timber frame construction, for 
which a majority of scenarios are compliant. For both 
options, the second most important parameter is the 
heating system. However, we can see that by 
choosing a timber frame construction, the choice of 
the heating system is less constrained, as the majority 
of scenarios remain compliant for all options. The 
next node for almost all HVAC options is the building 
height, which, when unfolded, leads to a more 
diverse set of parameters (fourth tree level). The 
structure of the second tree shows a different 
amount and order of parameters. 

Out of the visible branches, we can start 
identifying the combinations of decisions that 
represent favourable pathways toward achieving 
each target. In Fig. 3(b), we even see some paths that 
lead to ‘pure’ nodes for which all remaining scenarios 
are target-compliant. This is the case for instance for 
all 5-floors building scenarios that have a heat pump 
as the heating system. 

The decision tree visualisation integrates diverse 
parameters that usually refer to different professions; 
urban design features related to building dimensions, 
architectural elements such as window-to-wall ratio, 
and engineering components such as heating or 
ventilation system. As such, it can be used as a 
communication support, providing an overview of the 
linkages between these parameters, and highlighting 
the importance of making coordinated decisions. This 
mixing of parameters that are usually addressed at 
different stages can however also be perceived as a 
limitation of the method, since the parameter order 
cannot be imposed.  

Although no survey of statistical significance has 
yet been done to gather the opinion of professionals 
on the interactive decision tree, we can here report 
some preliminary qualitative feedback. The 
practitioners involved in the working group around 
the SETUP project, which included among others an 
architect/urban designer and an engineer, have 
unanimously emphasized their appreciation for the 
decision tree, that was singled out as particularly 
didactic among the various graphical outputs of the 

SETUP prototype tool (some of which can be seen in 
[17]).  
 
4. CONCLUSION 

This paper presents an interactive decision-tree 
visualization that maps (un)favourable decision 
pathways with respect to a given environmental 
impact target. The tree is generated via a 
classification algorithm applied on a pre-simulated 
database of building design scenarios, distinct in 
terms of a set of parameters that are varied across 
conceivable options, such as building height, type of 
ventilation system, and glazing type.  

Producing such a database enables exploring 
multiple alternatives without having to go through 
manual iterations over the design. The only iteration 
is on the performance target, that can be varied to 
see how it affects the compliant and non-compliant 
decision pathways made visible by the tree.  

The decision tree exploits the rich information 
contained in the database by offering a dynamic, 
intuitive and simple communication instruments that 
can be used within an interdisciplinary planning and 
design team.   
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