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A B S T R A C T

The application of heuristic algorithms with life cycle assessment (LCA) is a promising approach to efficiently
optimize the building and minimize the environmental impact even in a very large design space. In this paper, a
modular parametric optimization framework combining advanced building modelling, LCA, energy calculation
and single- and multi-objective environmental optimization was developed and applied to a multi-apartment
house in Hungary. The variables comprise geometry, envelope, fixtures, as well as the heating energy source. The
objective is the life cycle environmental impact expressed in terms of the six most common LCA indicators. The
results show that a relatively compact shape, large windows to south equipped with shading and very high levels
of insulation are optimal from an environmental perspective. It was also proven that focusing only on the em-
bodied or operational impact leads to a suboptimal solution, and the choice of the energy source for the op-
eration of the building has a significant influence on the achievable optimum. Through the optimization, sig-
nificant environmental savings of 60–80% were achieved compared to the initial design options showing the
potential for the application of such methods in architectural design.

1. Introduction

The built environment is the largest industrial sector in economic
terms, and also the largest in terms of research flow [1]. Buildings are
responsible for about 40% of total final energy consumption in Europe
[2] and this ratio is similar in other parts of the world. The improve-
ment of the energy efficiency in both new and existing buildings is
crucial to reach climate and energy targets and to increase energy se-
curity [3,4]. Energy saving may be achieved through different combi-
nations of measures, including thermal insulation, high-performing
windows, efficient and controllable technical systems and renewable
energy sources [5]. However, a reduction in operational expenditures
usually generates higher investment costs and this is generally also true
for the embodied energy and environmental impacts, such as green-
house gas emissions [6–8]. The research question arises what the op-
timum trade-off between embodied and operational environmental
impacts is and where the minimum is found if we consider not only the
operational phase, but the whole life cycle of a building.

The potential environmental impact of a product can be evaluated
with the life cycle assessment (LCA) method [9]. There has been an
exponential growth in the application of LCA to buildings in the recent
years [10–12]. Environmental optimization, which refers to the search
for the minimum impact of a building, is complicated, however, by the

fact that the number of alternatives in the design phase is very large.
Even if we consider only a few variables, these can take many different
values (e.g. material types, insulation thickness, window types, etc.),
which results in a large number of combinations. The scientific litera-
ture often compares a limited number of design options and this ap-
proach is called ‘optimization’ [13–16], but this does not allow for
comprehensive conclusions.

The tools of applied mathematics are increasingly applied to such
problems. Mathematical optimization is the minimization or max-
imization of one or more objectives that are functions of some variables
[17]. In single-objective optimization, there is one objective, while in
multi-objective optimization two or more conflicting objectives are
optimized simultaneously [18,19]. If the number of combinations is
low, even simple tools may be suitable, such as a dynamic parametric
analysis tool [20]. However, due to the large design space and the non-
linear nature of the calculations, classical optimization techniques are
usually not suitable for solving building-related problems. Efficient
derivative-free algorithms can be applied instead. There is a growing
body of scientific literature on the application of mathematical opti-
mization to building design [21–23]. The objectives can be the mini-
mization of costs [24–26,27], energy use [28,29] or the maximization
of thermal comfort [30,31]. However, there exists a limited number of
optimization studies related to the life cycle environmental impact of
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buildings [22], as summarized as follows.
The research of Antipova et al. [32] was one of the first trials to

combine life cycle assessment and optimization algorithms for build-
ings. The objective was to optimize the environmental impact and total
costs of the retrofit of a semi-detached house in Portugal by varying the
insulation materials, windows and solar panels with a rigorous mixed-
integer linear program (MILP). Although they suggest overcoming the
problem of using simple environmental metrics (e.g. thermal energy
and electricity consumption) in optimization problems of buildings by
applying the methodology of life cycle assessment, their approach does
not ultimately comply with the LCA methodology either. That is be-
cause only the environmental impact of the operational energy use is
considered, without the impacts embodied in the materials. Azari et al.
[33] applied a multi-objective optimization algorithm to explore op-
timum building envelope design, energy use and life cycle impacts on a
case study of an office building in Seattle. First, an LCA was performed
on an initial sample of 91 random design combinations. For the opti-
mization, they developed a two-phase methodology: in Step 1, the
operational energy use and environmental impacts were modelled by
Artificial Neural Networks (ANN), while in Step 2, a multi-objective
optimization was performed by genetic algorithms with equal weights
on each impact category. Hester et al. [34] compared the efficiency of
sequential specification and genetic optimization for environmental
assessment in an early design stage. They concluded that genetic opti-
mization leads to more optimal solutions with greater flexibility.

Developments in Building Information Modelling (BIM) make it
possible to integrate LCA in the building design work flow [35–38].
Either the bill of quantities (BoQ) is derived automatically from the
model [39] or plug-ins to CAD programs directly calculate the en-
vironmental impact (e.g. Impact [40] or Tally [41]). However, com-
bining BIM, LCA and energy calculations for optimization can still only
be carried out by specialists. For example, Najjar et al. [42] developed a
framework integrating mathematical optimization, BIM and LCA to
assist the building design process. Using the framework, considerable
energy, cost and environmental impact savings were achieved through
the analysis of the building envelope. There have also been some at-
tempts to apply LCA to building design using a parametric design tool,
where geometry can be described using mathematical formulae. Holl-
berg et al. [43] presented a parametric approach coupled with evolu-
tionary algorithms for optimizing the life cycle environmental impact at
an early design stage. A retrofit case was solved with an evolutionary
algorithm where variables comprised the insulation material, as well as
thickness, window type and the heating system. Lobaccaro et al. [44]
applied a parametric design approach to minimize the embodied
greenhouse gas emissions and operational energy. The building shape
was optimized to maximize solar radiation incident on the building
envelope with a generative workflow developed in a Grasshopper en-
vironment. Shadram et al. [45] integrated a multi-objective optimiza-
tion into a BIM modell for solving the trade-off problem between em-
bodied and operational energy tested on a Swedish low energy building.
They connected several tools such as Grasshopper, Archsim, Octopus
etc. to assist existing software with the analysis.

The literature review reveals that there is a limited number of cases
where an environmental optimization was performed on a building. In
most of the existing studies, either the energy performance calculation
or the environmental impact calculation is much simplified. Also,
usually either the building envelope or the building service systems
alone are considered and not both combined. In addition, very often
only one or two life cycle impact assessment (global warming/cumu-
lative energy demand) categories are considered. Optimization still
requires expert knowledge due to the lack of a single tool that easily
integrates the 3D model with the ability to calculate the operational
energy demand, to associate the environmental impacts and to connect
to optimization algorithms. Parametric design environments present a
promising tool integrating all these aspects. Moreover, there are very
few cases in the literature where the geometrical aspects of the building

were included in the optimization and these tools allow the building
shape to be used as an optimization variable.

The objective of this paper is to develop a modular framework that
combines LCA with comprehensive 3D modelling and optimization in a
parametric environment. The goal is to support the architectural design
process by showing the options with the lowest environmental impact
for the whole life cycle. The framework allows for the assessment of the
effect of building geometry, building envelope and building service
systems via single- or multi-objective optimization of several environ-
mental indicators. In the framework, the calculation modules are re-
placeable, so different options can be applied depending on data
availability and the scope of the optimization. This paper first in-
troduces the concepts behind the framework and its modules, along
with its implementation. Next, the application of the framework for the
optimization of a multi-apartment building is presented as an illustra-
tion. The correlation between environmental indicators and the trade-
off between operational and embodied impacts, as well as the influence
of the heating system and energy source are investigated.

2. A modular framework for building LCA

The main objective of this research is to develop a framework that is
capable of minimizing the life cycle environmental impact of a building
design through automated optimization. The full life cycle assessment
of buildings is limited by the challenges posed by its complexity. First,
an elaborate calculation must be made in each life cycle stage. Each of
these calculations raise various methodological questions. Furthermore,
diverse standardized or non-standardized methods exist that are all
applicable for the same purpose (e.g. the options for the calculation of
operational energy use range from simplified steady-state seasonal
methods to complex hourly simulations). Second, the different calcu-
lations rely on different input data, therefore the granularity of the
modelling and the background data is highly influenced by the applied
method (e.g. if time-dependent LCA is used, then both the background
data and the calculation of replacements should be based on time-de-
pendent values). Last, the calculations rely on each other, so the in-
accuracy of each calculation would influence the final results. To
overcome this issue, a modular methodology is proposed, where all the
modules are replaceable and verifiable independently from each other.
The overview of the developed framework is illustrated on Fig. 1 and
the modules are described in the following sections.

2.1. Model generation

Architects are increasingly using Building Information Modelling
(BIM) for the “digital representation of physical and functional char-
acteristics of a facility” [46]. In BIM, the building is modelled in a
virtual way including graphic information and data about materials and
components. However, the use of a BIM model for the assessment of the
energy performance and LCA requires special details that are not ne-
cessarily present in the model (e.g. internal thermal comfort para-
meters, ventilation rates, transport distances, etc). Our goal was to as-
sess the influence of geometry, besides the other parameters generally
analysed, on the environmental optimum. Hence, we decided to apply a
parametric modelling approach. In the framework, the purpose of the
Model generation module (Fig. 1) is to create a building model that in-
cludes all the necessary information for all types of the assessment
(including the calculation of the energy demand and the environmental
impact). It takes all the parameters (e.g. width of the building, window
ratio, number of storeys) together with their ranges that define the
building (either manually at the initial step or automatically by the
optimization algorithm) as input, and provides a structured information
model that includes both the geometrical aspects as well as any nu-
merical and discrete data of the building (e.g. construction assemblies,
HVAC systems, etc.). The 3D surface model can be generated and vi-
sualized from this data to check modelling inconsistencies and find
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errors. The way the geometry is modelled can be arbitrarily chosen by
the modeller depending on the desired level of accuracy and pre-
sentation of results. The data model is hierarchically structured, so the
building can be decomposed into zones, elements (walls, floors, etc.),
layers and materials. The materials are linked to a predefined database
provided by the Background data module. This module also provides a
set of simplified HVAC systems with typical efficiencies that can be
assigned to the building.

2.2. Background data

In the framework, all the static data that is independent from the
calculations are provided by the Background data module (Fig. 1). The
module contains predefined databases for three types of data:

- material physical data (e.g. density, thermal conductivity and heat
capacity of materials)

- environmental data including the unitized aggregated environ-
mental impact as well as reference service life information of ma-
terials

- default values (composition, efficiency, heating energy source, etc.)
for heating, ventilation and air conditioning (HVAC) systems

Material physical data were compiled from European standards and
manufacturer data. For the environmental data, several databases were
evaluated. The current framework uses the high quality Swiss ecoinvent
database (ecoinvent 2.2) [47], adapted to the local conditions. Since the
data source of the ecoinvent database is primarily the Swiss and
German industry, building materials produced in other countries re-
quire certain modifications, for example due to the composition of the
electricity mix. In the current framework, a database adapted to the
Hungarian conditions is available. All production processes are taken
into account together with their upstream processes and, where ap-
propriate, also the provision of infrastructure (machinery, plant, roads).
For products absent from the database, new datasets were developed
based on the material composition.

Reference service life data is used to calculate regular maintenance
and replacements of building components [48]. The estimated service
life was taken from [49]. Default values for the HVAC system were
taken from the Hungarian energy regulation [50]. Also, other invari-
able information (that does not depend on the building model) can be
determined in this module (e.g. weather data). The default values from

the database can be overwritten by the user if needed. Alternatively, the
whole database can be exchanged, for example with a database of En-
vironmental Product Declarations (EPDs).

2.3. Calculations

The Calculations (Fig. 1) are made in three steps: the extraction of
the bill of quantities, the calculation of the energy demand, and the
quantification of the environmental impacts including the scenarios for
replacement, transport and disposal.

2.3.1. Calculation of environmental impacts
Life cycle assessment is a method for evaluating the environmental

impact of products [9]. The standard stages of the assessment are the 1)
Goal and scope definition 2) Life Cycle Inventory (LCI) 3) Life Cycle
Impact Assessment (LCIA) and 4) Interpretation. However, due to the
complexity of buildings, usually no full life cycle assessment is con-
ducted, but existing environmental data from EPDs or databases is
summed up for the building [48,51]. This means that LCI and LCIA are
usually merged together and environmental impact is quantified by
summing up aggregated environmental data (here included in the
background database, see Annex A1.1).

2.3.1.1. System boundaries and considered life cycle stages. System
boundaries that were taken into account include the product stages
(A1–A3), the construction process (A4–A5), the use stage (B2–B4 and
B6 operational energy use), and the end-of-life (C2–C4). Other modules
are not considered in this study, because they are expected to have little
impact on the final environmental performance or data availability is
low. Water use (B7) can be important [51], but as the architectural
design has little influence on this, it was ignored. The optional Module
D was not considered.

In ecoinvent, the system boundary referred to as “cradle to gate” is
applied, which means that the analysis ends when the product leaves
the factory. The transport from the factory to the construction site is not
taken into account in the datasets. To account for transport, building
materials were classified into four transport categories based on the
number and location of the factories in Hungary and standard distances
were applied in the background database.

For the construction phase, very little information is available,
hence only the cutting of waste was accounted for. The waste factor was
estimated based on [52] to be 1% for glass, 2–3% for brick, concrete

Model generation Result evaluation

- Materials & Constructions
- Geometry
- HVAC & Schedules

- Quantities
- Energy demand
- Environmental impact

- Model visualizations
- Result plots
- Data export

Optimization

Background data

- Environmental data
- Materials physical data
- HVAC defaults

Selected numerical result(s)
as objective(s)Variable parameters

Calculations

Fig. 1. Structure of the calculation framework and illustration of the optimization cycle.
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and insulation materials, 4% for metal, 5% for mortar and plastic, and
10% for timber elements.

In the end-of-life phase, the most probable scenario for reuse/re-
cycling/disposal was taken into account. The basic assumptions were
that wood and plastics are incinerated, minerals are landfilled, and
metals are recycled. The transportation of waste (C2) was calculated
with a standard distance of 30 km.

2.3.1.2. Calculation of the environmental indicators. Based on the
building geometry and composition of the building elements defined
in the building model, the material quantities are calculated
automatically. The environmental impact is then determined for each
stage of the building's lifecycle by multiplying the amounts and the
indicators (see Eq. (1). according to the standard [48]):
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p q i
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where

EPi is the vector containing the indicator values of the module i in
the building
M is the matrix containing the environmental indicator values per
unit used in module i
ai is the vector containing the gross amounts of products and ser-
vices used in module i

As a generic LCIA database is used, this calculation is possible for all
environmental indicators which are included in the database.

2.3.2. Energy demand calculation
The most common methods of energy calculation are quasi steady-

state seasonal/monthly methods and dynamic simulation. In our fra-
mework, it is up to the modeller to select the suitable method and to
find the right balance between accuracy, presentation of results and
processing time. Monthly or seasonal methods have the advantage of
faster calculation at the cost of substantial simplifications, and the
output may be limited. As dynamic parameters in monthly/seasonal
methods are derived from dynamic simulation, they can deliver results
with sufficient accuracy [53].

In our framework, the modeller can choose from dynamic energy
simulation with the EnergyPlus [54] engine, monthly steady-state cal-
culation according to EN ISO 52016 [55] or seasonal method according
to the Hungarian energy performance regulation based on EN ISO
13790 [50]. Integration of further methods is possible.

All calculations use the same building model, so no further adjust-
ments are required if one calculation method is selected. However,
depending on the method, further data may be needed (e.g. detailed
weather data and operational schedules for energy simulations). These
data can be supplied as default from the Background data module or the
user can define it according to the requirements.

In the current framework, the modelling of the HVAC system is
simplified. System efficiencies, losses and auxiliary energy demand data
are estimates based on the Hungarian building energy regulation
(background database). This module can be extended in the future to
incorporate detailed HVAC design.

2.4. Optimization

Optimization techniques can be classified in several ways based on
the type of parameters (discrete or continuous), the number of objec-
tives (single- or multi-objective) or the type of the algorithm [56]. In
case of a multi-objective optimization, an additional evaluation method
needs to be applied to compare the solutions, (e.g. weighting of the
objectives). The application of multi-objective optimization has been in
the focus of researchers for decades [57]. Algorithms differ primarily in

the technique used to evaluate the results, incorporating all objectives
[58]. Recently, Sharif et al. [59] outlined another categorization based
on Goldberg and Holland [60] depending on the type of search: Enu-
merative methods evaluate all solutions sequentially, which is often
called a brute-force or exhaustive search. These methods are only ap-
plicable if the parameters are finite or discretized. Also, another lim-
itation is that evaluation time is proportional to the number of all op-
tions which makes it inappropriate if the solution space is very large or
the evaluation takes much computational time. Systematic methods are
mainly gradient-based or calculus-based. The disadvantages of these
methods are also outlined by Shadram and Mukkavaara [45]: in case of
energy simulation programs, the objectives are calculated in a “black-
box” manner, which makes the determination of the gradient im-
possible. Gradient-based methods are also sensitive to local optima,
especially if the gradient is very flat [61]. Therefore, the third category,
stochastic (gradient-free or derivate-free) techniques seem to be the best
option for building optimization that utilize many different steps during
the calculation of the objective function. The major advantage of these
techniques is that nothing other than the numeric value of the objec-
tives is needed for the evaluation of the solution and any type of nu-
meric parameter (continuous or discrete) can be optimized. Nguyen
et al. [62] also identify that stochastic population-based algorithms
(evolutionary algorithms, genetic algorithms, particle swarm optimi-
zation and hybrid algorithms) are the most frequently used for building
performance optimizations. The major disadvantage of these techniques
is that the entire solution space is not evaluated, therefore a global
optimum is not guaranteed. However, if the purpose of the optimization
is to support decision-making and to improve building design, this is
not a problem if a “good enough” solution or a range of such solutions
can be determined by the algorithm.

Based on the above considerations, a genetic algorithm is used in
this research for the optimization of the building design. The general
principle of the algorithm is based on four steps.

- evaluation of a set of individual solutions (population) with ran-
domly generated parameters

- sorting the solutions and selection of the best group of solutions
(elite)

- crossing of the parameters (genome) of the elite at a specified
probability

- mutation of a specified rate of the parameters (genes) of each so-
lution at a specified probability

After the four steps, a newly generated population is established,
which is called a “generation”. The steps are repeated over and over
until a specified number of generations, a time-limit or a required
minimum improvement of the objectives is met. In the case of multi-
objective optimization, the results are evaluated based on the
“Hypervolume estimation” method of Bader and Zitzler [63]. The ob-
jectives can be the environmental impact based on different indicators
either for the full lifecycle or for parts of it (e.g. operational stage).

In the framework, the Optimization module takes the numerical
value of the objectives from the Result evaluation module and provides
the numerical parameters to theModel generationmodule. This way, the
Optimization module is easily replaceable, and any type of population
based stochastic algorithm can be utilized in the framework.

2.5. Result evaluation

For designers, it is important that the results can be visualized and
easily understood. The most common visualization available in com-
mercial energy and LCA software are pie charts and column diagrams,
which are able to show only one layer of division. For visualizing en-
ergy and material flows a Sankey diagram is an appropriate choice
[64], but it is available only in a few pieces of generic LCA software. In
our tool, there are three visualization options available. The first is a
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sunburst diagram for showing the total environmental impact, which
can be subdivided into the main life cycle stages and further into sub-
categories of end-uses for the operation, as well as the main structural
elements in the production, maintenance and end-of-life stages. Further
subdivision on the material level is also possible. The overall size of the
diagram represents the cumulated environmental impact in order to
facilitate comparison. The second is a 3D representation of the results
on the building model where the color of the building element surfaces
represents the contribution to the overall impact. Finally, for a deeper
understanding of the energy performance, the solar gains, heat losses
and energy balance of the elements can be depicted on the surfaces with
colours [65]. These visualizations are provided by the Result evaluation
module. It takes the raw output of the calculations and generates the
required view. Additionally, other output formats are available, for
example the raw export of the results for further use in another soft-
ware, or a simple numerical result (e.g. aggregated environmental im-
pact) that serves as the objective of the optimization.

2.6. Software environment

There is a wide range of software tools available on the market for
energy simulation, life cycle assessment and optimization. However,
there are no tools which are capable of combining them all. Our goal
was to use one software environment without the need to import and
export the model, databases and calculation engines that would involve
data loss and are not capable of automated optimization.

The framework is implemented in a parametric 3D modelling soft-
ware, Rhinoceros3D (Rhino) with its extension, Grasshopper (GH). This
environment is capable of the parametric definition of the geometry
and other variables. The Model generation module is based on the La-
dybug&Honeybee plug-in [66] for Grasshopper with custom extensions
to include the LCA data. The energy simulation option facilitates the
EnergyPlus engine provided by Ladybug&Honeybee. The Background
data, the Calculations (excluding the energy simulations) and the Result
evaluation modules are implemented as self-developed components
using Python language. The optimization module is provided by the
Octopus plugin [67].

The environment is also capable of real time visualization of each
solution. This way, the process of the optimization is traceable, and the
resulting optimum solutions can be further investigated.

3. Application of the framework to a case study building

The framework is illustrated with the example of a new building.
The goal is to determine an optimum building design by minimizing the
environmental impact.

3.1. Building model

We assume that in the early design stage, according to the building
regulation and the client's brief, the following data are fixed: the
building is an apartment building with a total net heated floor area of
740 m2 and with a central staircase. The ceiling height is fixed at 2.8 m.
The building has a slab-on-ground and a flat roof. For simplicity, the
building shape is rectangular, but any shape could be defined with the
parametric approach. The location is in Budapest, Hungary.

Table 1
Building elements composition in the case study building.

Building element Materials Thickness Thermal
conductivity

[m] [W/mK]

External wall Internal plaster 0.01 0.29
Ceramic hollow block 0.38 0.50
Base plaster 0.02 0.93
Variable insulation (see Table 3) (see Table 2) (see Table 3)
External color plaster 0.008 0.29

Internal walls and partitions Internal plaster 0.01 0.29
Ceramic block wall 0.25 0.49
Internal plaster 0.01 0.29

Slab-on-ground Parquet 0.02 0.22
Concrete 0.05 1.40
Floor insulation 0.05 0.06
Waterproofing 0.002 0.23
Concrete 0.10 1.40

Internal slabs Parquet 0.02 0.22
Concrete 0.05 1.40
Sound insulation 0.03 0.06
Lightweight concrete filling 0.26 0.45
Concrete slab blocks + RC beams 0.03 1.28
Base plaster 0.02 0.93

Flat roof PVC waterproofing 0.006 0.17
Variable insulation (see Table 3) (see Table 2) (see Table 3)
Lightweight concrete filling 0.26 0.45
Concrete slab blocks + RC beams 0.03 1.28
Base plaster 0.02 0.93

Windows Wooden frame, variable glazing (see Table 2)

Table 2
Variables in the building design.

Variable Abbreviation Range/discrete values Unit

Number of storeys numOfFloors 1–8 –
Width of the building buildingWidth 5–30 m
Window-to-wall ratio N glzRatioN 0.01–0.8 –
Window-to-wall ratio W glzRatioW
Window-to-wall ratio S glzRatioS
Window-to-wall ratio E glzRatioE
Glazing type N glazingN Double/triple glazed –
Glazing type S glazingS
Glazing type E-W glazingEW
Wall insulation thickness wallInsThick 0.01–0.50 m
Wall insulation type wallInsMat (See Table 3) –
Roof insulation thickness roofInsThick 0.01–0.50 m
Roof insulation type roofInsMat (See Table 3) –
Shading Shading Available/not available –
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As a simplification, the main composition of the building elements is
fixed (Table 1), but these could also be variables. In Hungary, it is
common to build residential buildings with ceramic block walls with an
external insulation composite system. Internal slabs and the flat roof
have a monolithic reinforced concrete structure. Detailed description of
the building elements can be found in Table 1.

Some parameters of the building are not fixed but determined by the
automatic optimization algorithm. Longo et al. [22] categorized the
design variables into four categories in their review. In this paper, the
variables cover three of these categories: building envelope (wall and
roof insulation type and thickness, window areas); fixtures (shading,
glazing type); HVAC and equipment (three types of system using dif-
ferent energy source evaluated as a parameter but excluded from the
optimization). Renewable plants are not considered in this study. Ex-
tending the usual set of variables from the literature, geometrical
parameters have been included in the optimization (building aspect
ratio, window-to-wall ratios) (Table 2). Variables may be continuous or
discrete. The ranges are determined considering physical and en-
gineering limits extended to extreme values (e.g. 50 cm of insulation) to
cover theoretical optima too. The corresponding physical properties
(Table 3) are automatically obtained from the database.

The building geometry is generated based on the floor area, the
width of the building (N-S axis) and the number of storeys. The height
and the width (E-W axis) of the cube-form is calculated from the given
parameters. The orientation is fixed. The internal partition walls are
only considered as a fixed mass of wall constructions, considered for the
energy calculation as heat storage, and as embodied environmental
impacts for LCA, but excluded from the optimization. Other elements,
which do not have an influence on the operational energy demand (e.g.
foundation) are not modelled, as these represent a constant impact and
hence do not influence the optimization results. Shading on all windows
is modelled as an optional shutter, considered both for the energy
calculation and for the embodied impacts. Generally, LOD 200 is ap-
plied for the envelope of the zones and LOD 100 is applied for other
elements (partition walls, HVAC, etc.)

3.2. Life cycle assessment

In the LCA calculation, the functional equivalent is the full 740 m2

apartment building for a time period of 50 years. The framework

facilitates the parallel investigation of different impact assessment cate-
gories, which is a general criterion for the multi-objective optimization.
For our calculations we selected the impact assessment categories re-
commended by EN 15978. In addition, non-renewable cumulative en-
ergy demand (CED) was considered, as this is an important environ-
mental indicator often used as a screening indicator in LCA studies, since
many emissions are directly linked to the energy use (Table 4). The unit
environmental impact as well as the physical properties of the applied
materials from the background database are included in the Annex.

3.3. Energy demand calculation

The operational energy demand for the case study was calculated
with the quasi-steady state seasonal method of the EN ISO 13790 [68]
standard. The U-value of the constructions is calculated based on the
thermal conductivity and thicknesses of the layers of the assemblies.
The transmission losses of the building elements were calculated from
the area of the elements and the U-value. Thermal bridges were taken
into account by a thermal bridge factor multiplied by the total exposed
area. Heat losses of the slab-on-ground were modelled according to EN
ISO 13370. No external shading obstacles were assumed. In the
summer, shutters were applied as an option to reduce the risk of
overheating. It is assumed that if shading is present in the model it is
always used during cooling periods.

While user behaviour has a significant influence on the actual per-
formance of a building [69], this was out of the scope of this study, and
the concept of the ‘standard user’ according to the Hungarian energy
regulation was applied. This means a fixed rate of internal gains of 5 W/
m2, and an average air change rate of 0.5 1/h. In the summer, a higher,
3.0 1/h air change rate was assumed during the night for the cross-
ventilation of the building (for further details see Table A2.1 in the
Annex).

Three options for the HVAC system were assessed:

- a condensing gas boiler for heating with an air conditioner for
cooling (if needed)

- a heat-pump for both heating and cooling (if needed)
- pellet furnace for heating and air conditioner for cooling (if needed)

The end-uses of space heating and cooling were considered. The
energy use of domestic hot water, lighting and appliances are user-
dependent parameters, therefore excluded from the optimization
[70,71]. Weather data for the energy demand calculation can be found
in Table A2.2 in the Annex.

3.4. Optimization

In this study the following optimization cases were established:

- A set of single-objective optimizations for all six environmental in-
dicators one by one

- A multi-objective optimization considering all six environmental
indicators simultaneously

- A pair of single-objective optimizations for the operational and for
the embodied impact based on CED

Table 3
Options for insulation materials and their thermal conductivity.

Insulation material Abbreviation Thermal conductivity

[W/mK]

Cellulose fiber Cellulose 0.04
Rock-wool Rock wool 0.04
Polystyrene foam slab EPS 0.04
Polyurethane rigid foam PUR 0.02
Glass wool mat Glass wool 0.04
Wood wool Wood wool 0.09
Polysyterne, extruded XPS 0.04

Table 4
Analysed impact categories.

Method Impact category Abbr. Unit

CML 2001 Acidification potential AP kg SO2-eq
Climate change - GWP100a GWP kg CO2-eq
Eutrophication potential EP kg NOx-eq
Photochemical oxidation
(summer smog)

POCP kg ethylene-
eq

Stratospheric ozone depletion ODP kg CFC-11-eq
Cumulative energy

demand
Non-renewable energy (nuclear,
fossile, primary forest)

CED MJ-eq

Table 5
Settings of the optimization algorithm.

Parameter Value

Population size 100
Maximum number of generations 20
Elitism 0.5
Mutation probability 0.2
Mutation rate 0.9
Crossover rate 0.8
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- A multi-objective optimization considering both the operational and
the embodied impact based on CED.

The parameters of the optimization were the same in all cases
(Table 2). The parameters are converted to numeric values, so the al-
gorithm only needs to deal with numbers. As the choice of the HVAC
system was not part of the optimization, all the above-mentioned op-
timizations were performed three times with different HVAC systems in
order to assess the effect of choosing a different energy source for the
operation of the building.

The HypE genetic algorithm [63] was used for the optimization,
provided by the Octopus plugin. The settings of the algorithm are in-
dicated in Table 5. The relatively high mutation rate and the large

population size was chosen to avoid getting stuck in local optima. The
progress of the objectives was always supervised during the optimiza-
tion, and if no major improvement could be observed, the algorithm
was stopped.

4. Results and discussions

In the following, the optimized building solutions and the corre-
sponding total life cycle environmental impacts are evaluated for dif-
ferent optimization cases. The optimization results are first presented
for natural gas heating and the effect of the choice of energy source is
evaluated with a sensitivity analysis later.

Table 6
Geometrical parameters of the best solution found for each indicator in the single-objective optimization. The length and the aspect ratio of the footprint of the
building is calculated from the parameters. The mean value and the standard deviation of the parameters in the non-dominated set of solutions in the last generation
of the multi-objective optimization is indicated as well (energy source for operation: natural gas).

Objective numOfFloors buildingWidth Length Width/length glzRatioN glzRatioW glzRatioS glzRatioE

CED 7 8 13.21 0.61 0.02 0.02 0.6 0.02
GWP 6 8 15.42 0.52 0.17 0.09 0.56 0.1
AP 4 12 15.42 0.78 0.02 0.09 0.58 0.11
ODP 4 8 23.13 0.35 0.03 0.26 0.58 0.39
POCP 5 10 14.80 0.68 0.05 0.07 0.59 0.04
EP 4 12 15.42 0.78 0.01 0.02 0.59 0.01
Multi-objective (mean ± std) 5.11 ± 0.73 9.84 ± 1.86 15.21 ± 1.86 0.67 ± 0.23 0.24 ± 0.01 0.06 ± 0.02 0.58 ± 0.00 0.20 ± 0.09

Table 7
Construction parameters of the best solution found for each indicator in the single-objective optimization. The mean value and the standard deviation (for numerical
parameters) and the most preferred choice (for discrete parameters) along with its occurrence in the non-dominated set of solutions in the last generation of the
multi-objective optimization is indicated as well (energy source for operation: natural gas).

Objective wallInsThick wallInsMat roofInsThick roofInsMat glazingN glazingEW glazingS shading

CED 0.46 Cellulose 0.33 Glass wool Triple Triple Triple Yes
GWP 0.39 Cellulose 0.16 PUR Triple Triple Triple Yes
AP 0.15 PUR 0.37 Cellulose Double Triple Double Yes
ODP 0.47 PUR 0.5 PUR Triple Triple Triple Yes
POCP 0.49 Cellulose 0.32 Cellulose Triple Triple Double Yes
EP 0.2 Cellulose 0.21 Cellulose Triple Triple Double Yes
Multi-objective (mean ± std) 0.24 ± 0.13 PUR (79%) 0.26 ± 0.05 PUR (100%) Triple (79%) Double (79%) Double (95%) Yes

Fig. 2. Improvement of the objectives (minimum and maximum values) throughout the generations in the multi-objective optimization (green), and the minimum
values from the single-objective optimization (red), if the energy carrier for building operation is natural gas. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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4.1. Single-objective optimization

First, a single-objective (SO) optimization was done for all six in-
dicators one-by-one. The solutions are shown in Tables 6 and 7 with the
minimum impact for each indicator.

The shape of the building varies, but extreme flat or thin shapes
proved to be suboptimal, which meets the preliminary expectations. In
general, a mid-rise building of 4–7 storeys and a relatively compact shape
is found to be optimal. Regarding the glazed area in the façade, the re-
sults confirm the principle of energy efficient design: large glazed areas
of close to 60% ratio to the south (intensive solar gain), and low glazed
area to the north (more insulation). The ratio on the west and east façade
is 2–10% except for ODP where higher ratios are allowed. Triple glazing
tends to be more favourable on the north, east and west façade, and
double or triple on the south façades depending on the indicator. It is
important to mention that the optimization concluded that shading must
be applied to the windows in all cases to reduce the cooling demand.

More variance is observed in the thickness of the insulation both on

the walls and on the roof. The wall insulation thickness is around
40–50 cm in most categories, except for AP and EP where 15–20 cm is
optimal. On the roof, the preferred thickness is around 30 cm, with
lower values in GWP and EP and higher in ODP. The solutions represent
a rather high insulation level, which in most cases means thicker than in
usual practice. The optimal solutions have PUR or cellulose insulation.

These results indicate that the choice of the objective highly influ-
ences the optimized parameters. A solution may be optimal for one
objective, but there is no guarantee that it is also preferable from an-
other environmental aspect. This makes a single-objective optimization
less applicable in the design practice.

4.2. Multi-objective

4.2.1. Results of the optimization
As a next step, a multi-objective (MO) optimization was carried out

based on all six environmental indicators. The advantage of multi-objective
optimization is that it considers all objectives in parallel without weighting.
There is no single optimal solution, but a set of nondominated or Pareto
optimal solutions exists where none of the objective functions can be im-
proved without degrading some of the other objective values [72]. These
solutions perform better than the dominated ones in at least one category.

The improvement of the objectives over the generations is plotted
on Fig. 2. Comparing the achieved optima with those of the single-
objective optimization, they are barely worse for each objective (within
5%) (red line on Fig. 2). In all cases, an intensive improvement is ob-
served at the beginning of the optimization cycle and no major im-
provement was possible after the 15th generation, so the algorithm
reached an acceptable optimum. The optimization algorithm achieved
60–80% environmental savings compared to the initial generation.

Since the algorithm does not cover all possible solutions, there is a
chance of getting stuck in a local optimum. To avoid this, high diversity
was set for the parameters at the initial generation to discover the
parameter space as broadly as possible. Fig. 3 shows the evolution of
the numeric parameters on parallel coordinates and the discrete para-
meters on a scatter plot. The light color indicates the initial high di-
versity of the parameters, while the dark lines and dots indicate that the
diversity of the parameters sharply decreased after the optimization.

The results of the multi-objective optimization indicate similar
parameters for the building as the results of the single-objective opti-
mization in terms of geometrical parameters: a close-to-cubic shape
with a somewhat larger façade to the south (see Table 6); large glazed
areas to the south, and low glazing to the north.

The level of insulation is very high in this case too (25–30 cm for the

Fig. 3. The evolution of the numeric (left) and discrete (right) parameters in the multi-objective optimization. The dark color represents the non-dominated set of
solutions from the last generation. The density of the dots on the right diagram represents the occurrence of the corresponding value in the non-dominated solutions
The light color represents all evaluated solutions in both diagrams.

Fig. 4. Comparison of the unitized environmental impact of insulation mate-
rials with respect to thermal conductivity, density and lifetime. In favour of
comparability the results are normalized to the value of the worst performing
material for each indicator.
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roof, and 15–45 cm for the wall). A strong split can be observed for the
insulation thickness on the walls, which either means extremely thick
insulation (35–45 cm) or a rather reasonable but still very high insulation
(15–25 cm) (Fig. 3). Lower thickness is always associated with PUR in-
sulation, which has the lowest conductivity and so a thinner insulation is
needed for the same performance. In case of high thickness, the insulation
material is either PUR or cellulose, which means that at this thickness the
conductivity is not that important anymore, so the advantage of the lower
embodied impact of cellulose can be utilized. The predominance of PUR
and cellulose insulation can be easily explained if the environmental im-
pact is unitized based on heat conductivity, density and lifetime. Fig. 4
shows the comparison of the environmental impact per (W/K)*year ex-
pressed in percentage of the worst material. The advantage of PUR and

cellulose is clearly visible for all four indicators. XPS insulation falls out
due to the very high ODP value (in the dataset CO2, HFC-134a and HFC-
152a are the blowing agent in the extruder), EPS due to the high POCP
and CED values and rockwool due to the high EP and AP values.

4.2.2. Correlation between objectives
The nature of the multi-objective evolutionary algorithm allows the

observation of multiple independent objectives. If the objectives are con-
flicting, then no single solution exists, but a number of so-called Pareto
optimal solutions. In our case study, the objectives are all different kinds of
environmental indicators, so even if they represent different types of en-
vironmental harm, there might be some correlation between them. The
evaluated solutions of the optimization are plotted on a grid of scatterplots

Fig. 5. Evolution of the objectives throughout the generations on a grid of all six indicators. The dark dots represent the non-dominated set of solutions from the last
generation, the light dots represent all other. Non-conflicting objectives are highlighted (heating energy carrier: natural gas).
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for each pair of objectives on Fig. 5, the non-dominated solutions are in-
dicated with dark color. We performed a pairwise comparison of each
objective to check whether they are conflicting. If in the comparison of
two objectives there is only one nondominated solution, the two objectives
can be classified as non-conflicting [73]. Our analysis showed that CED –
GWP, CED – POCP and GWP – POCP are non-conflicting objectives in this
case. This means that it may be sufficient to include only one of the three
indicators as an objective in the optimization, which would reduce the
computation time in the results evaluation phase.

The representation in Fig. 5 is also suitable to discover the total (six-
dimension) objective space. This is very useful to check that the opti-
mization process was successful and all objectives have improved
generation by generation.

4.3. Trade-off between operational and embodied impact

A question often analysed in the literature is how much investment
into the embodied materials is adequate to reduce the operational

Fig. 6. Results of the multi- (MO - green dot) and single-objective (SO-operational - red triangle, SO-operational - purple cross) optimizations on the objective space
for cumulative energy demand (heating energy carrier: gas). The dark color represents the non-dominated set of solutions from the last generation, the light color
represents all s other evaluated solutions. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 7. Preview of the best solutions for the three different optimizations: multi-objective (full life cycle impact); single-objective (embodied impact); single-objective
(operational impact).

Table 8
Parameters of the best solutions for the three different optimizations (heating energy carrier: gas).

wallInsThick wallInsMat roofInsThick roofInsMat glazingN glazingEW glazingS Shading

Multi-objective 0.39 Cellulose 0.19 PUR Triple Double Double Yes
Single-objective: operational 0.42 PUR 0.42 PUR Triple Double Triple Yes
Single-objective: embodied 0.02 Cellulose 0.01 Wood wool Double Double Double No
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impact. To evaluate this, the following two objectives were set for the
next optimization: operational CED (stage B6) and embodied CED
(stages A1–4, B4). The focus is to find the trade-off between these two
contradictory objectives. Besides the multi-objective optimization, one
single-objective optimization was carried out for each of the objectives.
Fig. 6 shows the results of all three optimizations in the objective space
for cumulative energy demand. From all the evaluated solutions, the
best one from the last generation is highlighted, with the lowest impact

based on the full life cycle (all calculated stages). The results show that
focusing on only one single objective optimization leads to a suboptimal
solution for the total life cycle impact. Many LCA studies (e.g. [35])
focus on the embodied impact only, in which case the optimization
leads to solutions with very high operational impact. In this case, the
environmental impact is about 3.6 times higher over the total life cycle
than if both objectives are respected. However, this is avoidable by
limiting the operational impact (e.g. by compliance with energy per-
formance regulations). On the other hand, if the objective is the mini-
mization of operational impact (operational energy use), optimal so-
lutions incorporate relatively high embodied impact. In this case the
total cumulative energy demand is about 13% higher than the best
solution found by the multi-objective approach.

Fig. 7 shows the geometrical aspects, Table 8 shows the parameters
of the best solutions of the three optimizations. The results of the single-
objective optimization for embodied impact leads to a fully glazed
building, because the embodied impact of the glazing is lower than that
of the masonry wall in the database. Obviously, as thin a layer of in-
sulation as possible is used within the given range. The best solution for
the operational impact has a shape where the area of the south façade is
large enough to maximize the solar gains and includes very intensive
insulation that reduces the total energy demand. The multi-objective
optimization leads to a solution with a nearly cubic shape, a south fa-
çade optimized for solar gain and other facades optimized for low
transmission losses. The level of insulation is still much higher than the
usual practice.

4.3.1. Share of embodied/operational impact (CED)
Fig. 8 shows the distribution of the environmental impact in the

multi-objective optimized solution. The share of the operational impact
is about one third of the total impact, which emphasizes the importance

Fig. 8. Distribution of the environmental impact (cumulative energy demand)
in the optimized solution (multi-objective optimization, heating energy carrier:
gas).

Fig. 9. Results of the multi-objective optimization (embodied and operational cumulative energy demand) for the three different energy carriers. The dark color
represents the non-dominated solutions from the last generation, the light color represents all other evaluated solutions.
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of the total life cycle perspective against the minimization of only the
operational energy use of the building. However, this solution is a very
energy-efficient building, which is still not usual in the current design
practice. The operational energy demand is mainly caused by heating.
No significant cooling energy is used, because proper shading is ap-
plied. Most of the embodied impact is allocated to the heavy load-
bearing structures of the building (brick and concrete), even if the level
of insulation is very high.

4.4. Sensitivity analysis of choosing the energy source

The optimization was performed in three scenarios with different
energy carriers for the heating systems. The above-mentioned conclu-
sions are valid for all three cases, although the total absolute impact is
highly dependent on the energy carrier. Fig. 9 shows the results for the
trade-off analysis in the three cases based on different energy carriers
for operation. The shift of the Pareto-front is clearly visible.

Also, the best solutions for the total cumulative energy demand are
marked for each case. The best solution for natural gas has 15% higher
CED than the best one for biomass heating. In the case of heat pumps,
the best solution lies in between the two others. This is mostly influ-
enced by the cumulative energy demand of the energy carrier and the
efficiency of the heating system (CED/efficiency value for biomass:

1 MJ/kWh, for heat pump: 5.76 MJ/kWh and for natural gas: 4.96 MJ/
kWh). As the energy demand is very low, the assumed auxiliary elec-
tricity demand is also important, which is a fixed value in the
Hungarian regulation. Fig. 10 shows that the main difference is ob-
served in the operational impact, even though the production stage has
the highest share in all scenarios. The optimum based on electricity
(heat pump) has significantly lower net heating energy demand (2.8
kWh/m2/year) than the optimum with biomass heating (23 kWh/m2/
year), and this compensates in the final environmental impact. How-
ever, this higher value is still very low compared to the current practice.
The net demand with gas heating lies in between (13 kWh/m2/year)
but applying the system efficiency and the environmental impact factor
places it into the worst place.

The sensitivity for the energy carrier is also reflected in the multi-
objective optimization for all six environmental indicators. Fig. 11
shows the results of the optimization on the space of GWP, AP and EP.
The split based on the energy carrier is clearly visible, which means that
the achievable optimum is determined by the energy carrier for these
three indicators as well.

5. Conclusions

In this paper, we presented a modular framework that facilitates the
single- or multi-objective optimization of parametrically defined
buildings based on their life cycle environmental impact. The frame-
work can be utilized in early design stages in architectural practice,
when many parameters of the design are still open. The framework
provides a wide range of possible good solutions; therefore, the results
of the optimization are presented as a range of solutions including the
geometrical aspects as well as other design parameters (e.g. insulation
thickness and material).

The analysis of a case study showed that single-objective optimi-
zation leads to different optima for different environmental indicators,
which makes it difficult for the designer to decide between the options
without explicitly assigning a weighting to the indicators. To overcome
this issue, a multi-objective optimization can be applied, where all in-
dicators are observed simultaneously, so the optimized options guar-
antee that no indicator will be neglected. After the optimization, it is up
to the designer and relevant stakeholders to decide on their environ-
mental preferences and apply a weighting or a multi-criteria decision-
making method for choosing the most suitable solution.

In the selected case study, both the single- and the multi-objective

Fig. 10. Comparison of the total environmental impact (CED) of the optimized
solution in the three scenarios depending on the energy carrier for heating.

Fig. 11. Results of the multi-objective optimization (six environmental indicators) for the three scenarios of different energy carrier for heating on the objective space
of GWP, AP and EP. The dark color represents the non-dominated solutions from the last generation, the light color represents all other evaluated solutions.
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optimization resulted in a building with a relatively compact shape,
large window ratio to the south with double glazing and small to the
north with triple glazing, as well as a very high level of insulation. The
optimization achieved a very significant environmental savings of
60–80% compared to the initial design options. A general conclusion is
that similar results could be achieved with significantly different
combinations. This approach supports decision-making by offering
multiple combinations instead of providing one single building design,
allowing the designer some freedom in the selection. This is important
as environmental performance is only one of the many aspects that
must be considered in the design process, besides legal, technical,
economical and other requirements.

The pairwise comparison of the six evaluated environmental in-
dicators showed that in the selected case study CED, GWP and POCP
were non-conflicting objectives, hence the number of objectives could
be reduced. The assessment of the case study confirmed that focusing
only on embodied or operational impact leads to a suboptimal solution
in terms of full life-cycle impact. The embodied impact had a sig-
nificantly high share in all optimized solutions. Last, the evaluation of
different heating energy sources showed that the energy carrier de-
termines the achievable optimum in all environmental indicators. The
optimization resulted in a preference of two insulation materials, cel-
lulose and polyurethane. The assessment of the materials from a life-
cycle perspective justified the eligibility of those as an environmental-
conscious choice. The introduced unitized impact comparison can be
utilized during building design to evaluate the material options from
the environmental view at the early stage.

A limitation of the approach is that the optimization acts like a black
box and the designers cannot see what is happening in the background.
Also, simplifications in input data or possible errors in the database
have a very high influence on the final results, which could be avoided
with a manual approach but are not spotted by an automatic algorithm.

The framework and the methodology can be further extended to the
simultaneous analysis of an entire building stock through the assess-
ment of multiple building types. Also, it is possible to implement dif-
ferent energy demand calculation methods to test the sensitivity of the
results to the applied methodology in more depth. The assessment of
different optimization algorithms is also in the focus of further research.
Case studies on different countries (in terms of climate zone and energy
mix) would show country-specific optimal strategies for building design
that could support the strategic planning of global initiatives for the
mitigation of climate change.
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