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A B S T R A C T

In response to the European 2030 climate and energy policy framework and to satisfy various
stakeholders, trade-o�s between di�erent goals should be considered in the planning phase of a
building. In the early design phase, uncertainties are inevitable and should be modeled in the decision-
making process. Especially for early modeling using building information modeling tools, it is of
interest to find out appropriate "placeholder" materials. In this paper, we proposed a multi-objective
stochastic optimization (MOSO) framework for decision-making in the early design phase of building
façade design under uncertainty. Herein, two types of uncertainty were included: uncertainty in design
decisions and environmental uncertainty. Coupled with a multi-criteria decision-making (MCDM)
strategy, the framework aims to narrow down the possibilities of the material choice and to provide
possibly robust solutions. Categorical and continuous parameters were considered to achieve three
objectives: life cycle assessment in form of global warming potential, life cycle cost and thermal
transmittance. Through a case study with solid timber and brick construction types, the proposed
framework was validated. Results show that the insulation and outer wall cladding are the most varying
parameters of the Pareto-optimal solutions for building façade design. In general, an environmental
advantage in solid timber construction and an economic advantage in solid brick construction can
be seen. With the established framework, decision-making considering dynamic changes during the
planning process can be potentially realized in future works.

1. Introduction
Globally, building sector accounts for almost half of the

total primary energy consumption and for about one third
of the CO2 emissions [1]. In many developed countries,
buildings play a more dominant role in energy consump-
tion than both industry and transport, presumably due to a
higher standard of comfort in the built environment [2]. To
change the course of situation, the European Union initiated
the 2030 climate and energy policy framework to raise
ambitious targets of greenhouse gas emission reduction,
increase in renewable energy use and improvement in energy
e�ciency [3]. Nevertheless, studies show that aiming at
energy reduction can result in an extensive use of materials
[4, 5]. This can consequently lead to an increase in embod-
ied energy consumption and CO2 emissions throughout a
building’s whole life cycle. Moreover, reducing investment
costs is often observed as one of the most important goals
for property owners when encountering design decisions in
reality. Hence, in response to the 2030 climate and energy
policy framework and to satisfy various stakeholders, design
solutions considering relevant trade-o�s are expected [6].

Mathematically, problems containing two or more con-
flicting goals are denoted as multi-objective optimization
(MOO) problems. In this context, a set of Pareto-optimal
solutions is generated for decision-makers, instead of one
unique solution. In conventional methods, MOO problems
are often converted into single-objective optimization (SOO)
problems through strategies like the weighted sum method
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[7]. In contrast, multi-objective evolutionary algorithms
(MOEAs) have gained increasing attention for their ability
of finding multiple Pareto sets. MOEAs have entered into
the limelight since Scha�er [8] proposed a vector-evaluated
genetic algorithm, which enables the combination of genetic
algorithms and MOO. Nowadays, industrial applications
have often applied elitist MOEAs, such as non-dominated
sorting genetic algorithm II (NSGA-II) [7]. Other MOEAs
like particle-swarm optimization (PSO) and strength Pareto
evolutionary algorithm (SPEA and SPEA-II) also play a
dominant role in this area.

In the last decade, MOEAs were widely applied in the
building industry to solve MOO problems, which often
include objectives such as operational energy performance
[9–11], thermal comfort [9, 10, 12], daylight conditions [13,
14], life cycle assessment (LCA) [11, 15–19] and life cycle
cost (LCC) [10, 17–19]. This directly indicates the benefit
of investigating MOO problems in the praxis of the building
industry. According to statistics, the most studied objective
is operational energy performance, while relatively fewer
MOO studies investigated the aspects of LCA [20]. Herein,
despite of the slightly simple and crude classification, two
di�erent kinds of impact indicators can be classified in the
broad definition of LCA: parameters describing the use of
resources and environmental impact indicators. The LCA
parameters in the related MOO approaches usually referred
to the latter.

Abdou et al. [10] used NSGA-II to find optimal energy
e�ciency net zero energy building solutions considering the
global warming potential (GWP, i.e. CO2 emissions) and
LCC. Waibel et al. [18] also aimed at minimizing cost and
GWP in the design process with a similar approach, where
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di�erent design parameters including building geometry
were investigated and ✏-constraint method was applied. Cia-
rdiello et al. [17] further investigated the building geometry
optimization considering objectives of GWP, cost and oper-
ational energy. In [15], Azari et al. took into account possibly
many impact indicators including GWP, ozone depletion
potential (ODP), acidification potential (AP), eutrophication
potential (EP) and smog formation potential (SFP). Opera-
tional energy consumption was also included and assessed
through dynamic building simulations using eQuest. In more
recent studies, the variety of parameters and objectives has
grown. In addition to LCC and operational energy, indoor
thermal comfort has also become one of the key optimization
objectives. Gagnon et al. [16] combined LCC, embodied and
operational CO2 emissions with occupants’ thermal comfort
as objective functions in the optimization process, in the
form of long-term percentage of dissatisfied person (LPD).
In [12], thermal comfort was taken into account besides
energy balance, GWP and return of investment. In 2022, Fan
et al. [13] investigated the optimal façade solution consider-
ing shading ratio, operational energy and daylight comfort
using SPEA-II. Similarly, De Luca et al. [14] conducted a
multi-objective optimization study of non-operable shading
systems focusing on the visual comfort.

As stated in most studies, an MOO problem is particu-
larly relevant in early design phases because Pareto-optimal
solutions can be o�ered in advance. However, certain un-
certainties are inevitable in the early stages of planning
and should be modeled, which most of the afore-mentioned
studies failed to consider. Some other studies analytically
studied the uncertainty of building geometry in the early
design phase [17, 21, 22]. Nevertheless, tentative material
choice of building components is also necessary, especially
for the early modeling process. Compared to other model-
ing tools, building information modeling (BIM) tools are
gaining incresaing attention when conducting an LCA cal-
culation during the development process of a building [23].
Studies show that planers often work with placeholder mate-
rials when modeling in early design stages, especially when
dealing with several projects at the same time. Consequently,
random choices of the placeholder materials will lead to
a less meaningful design assistance of an LCA calculation
based on Bill of Quantities from the building model [24].
Thus, it is of interest to find possibly robust optimal solutions
of material choice for planners working on a vast number of
projects through an MOO under uncertainty.

In general, uncertainty can be included in the optimiza-
tion process in two ways: a posteriori and a priori. Sensitiv-
ity analysis, as one of the classical a posteriori approaches,
was commonly applied in the analysis of the built environ-
ment [11,12,25,26]. In MOO problems in particular, a post-
optimization sensitivity analysis is usually applied to assess
the robustness of the model or of the obtained solutions.
In [25], Mukkavaar and Shadram conducted a sensitivity

analysis to assess the design decisions considering trade-
o�s between operational and embodied energy consump-
tion. However, primarily as an evaluation tool, the appli-
cation of the sensitivity analysis method in the optimiza-
tion process is greatly limited. Hence, certain studies also
experimented a priori approaches. Chang et al. [12] used
parametric modeling and Bayesian multilevel modeling to
integrate uncertainty parameters into the objective functions.
In [27], despite the lack of the optimization process, a new
promising best-worst method was applied to deal with the
uncertainty occurring in the multi-criteria decision-making
process. In [26], material and environmental uncertainties
were modelled in the MOO process to obtain the most
cost-e�cient and environmental-friendly retrofit solutions.
Herein, robust optimization (RO) was applied, approximated
with a surrogate-assisted Kriging model to reduce the com-
putational cost and accelerate the optimization process.

As one of the approaches to solve optimization problems
under uncertainty in operations research of applied mathe-
matics, RO is risk-averse, which focuses on optimizing the
"worst-case" scenario [28]. In contrast, stochastic optimiza-
tion, i.e. stochastic programming (SP), is an alternative risk-
neutral approach, which can formulate the true problem as
an approximated optimization problem of an expected value
(EV) function [29]. As such, the SP method enables an
integration of uncertainty parameters into the optimization
modeling process and seeks for optimal solutions less con-
servatively.

In this paper, based on MOO and SP, we propose a
multi-objective stochastic optimization (MOSO) framework
for decision-making under uncertainty in the early phase of
building façade design. The framework is also coupled with
a multi-criteria decision-making (MCDM) strategy based on
the technique for order preference by similarity to ideal so-
lution (TOPSIS). The framework helps to narrow down the
possibilities of the material choice for building owners and
could assist planners by providing possibly robust solutions
in the early design phase. The focus of the current study is
on the following aspects:

• addressing material decisions of façade design and
modeling process through an MOEA, including cat-
egorical and continuous design parameters

• including LCA, LCC and thermal transmittance char-
acteristics of potential materials as objectives

• integration of uncertainties in the early design phase
using an SP approach

• proposal of optimal decisions for design assistance
through a TOPSIS-based MCDM

2. Methodology
As presented in Fig. 1, the proposed framework consists

of four main parts. First, the design parameters and uncer-
tainty parameters were defined. The obtained parameters
were then implemented into the MOSO model to give rise to
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Figure 1: Methodological framework of MOSO to obtain
optimal material decisions in the early design phase

the Pareto-optimal solutions. Through the following analysis
and decision-making strategy, the choices of optimal mate-
rial combination were obtained.

2.1. Knowledge-based database
As the data basis for the proposed framework, an expert-

knowledge-assisted database was developed and case-specific
design parameters can be derived from this database (ex-
emplarily illustrated in Fig. 2) [30]. In the bottom layer of
the database structure, potential building materials with the
corresponding LCA information and thermal conductivity
(�-value) of each material were included. The LCA infor-
mation was extracted from the publicly accessible German
database Ökobaudat 2020 II. According to EN-15978 [31],

the whole life cycle of a building includes stages of pro-
duction (A1-A3), construction (A4-A5), end-of-life (C1-C4)
and additional information outside of the life cycle (D).
Within the scope of this paper, focusing on the embodied
impacts, the LCA was investigated in form of GWP of
the life cycle phases of production (A1-A3), disposal (C3
and C4) and production of replacement products during the
reference study period. Herein, A1-A3, C3 and C4 were
based on the data availability of Ökubaudat. The production
of replacement products during the reference study serves
as a simplified representation of the usage stage B4, which
was expressed as the frequency of replacement, of which the
calculation is based on the reference study period (t) and the
reference service life (RSL) of respective material.

Next, possible applicability / functionality types (e.g. fin-
ish, wall cladding, etc.) were inputted with expert knowledge
and matched to each material. Accordingly, both material
and applicability related information was implemented in
the data structure. The database also included thickness,
unit cost of each material in applicability types for the
LCA and LCC calculation, where the cost depends on the
thickness of each material. It is worth mentioning that the
thickness represents the thickness of the materials which are
in or converted into 1 m2. As a knowledge-based input, the
thickness was given in ranges, whereas RSL and cost were
based on data from [32, 33] and [34, 35] respectively.

The applicability types were then combined to form
various sub-components for each building component (e.g.
exterior wall, ceiling). Herein, each building component
could be assembled in di�erent sub-component combina-
tions, depending on the knowledge-based inputs of assem-
bly possibilities and main construction materials. In total,
four main construction materials with detailed classification
of construction types were included: timber, brick, steel
and reinforced concrete. The classification of the building
components in the database followed the principle of the
cost groups in the German standard DIN 276 and enables
a composition of an entire building by all defined building
components [36].

Within the scope of this paper, the investigation fo-
cus is to find the optimal design solution of certain sub-
component considering possible material combinations of
its corresponding applicability types.

2.2. Multi-objective optimization
As aforementioned, problems with more than two con-

flicting goals are denoted as MOO problems. In build-
ing industry, important goals include: reduction of nega-
tive environmental impact (LCA), satisfaction of building
owners regarding investment cost (LCC) and reduction of
operational energy consumption. In this paper, LCA was
mainly investigated within the scope of GWP. The energy
performance is indicated by the thermal transmittance (U-
value), which is one of the most important components of
the simplified one-dimensional heat conduction equation,
and the importance of estimating it during the design phase
is evident [37, 38]. As stated, the design parameters are
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Figure 2: Structure of the expert-knowledge-assisted database

derived from the knowledge-based database including the
material choice and its corresponding thickness of respective
applicability types of the investigated sub-component. While
the former is a categorical design parameter, the latter is a
continuous one. Accordingly, the MOO problem is formed
as (1):

min
xÀX,dÀD

N…
i=1

g(xi) � di �
t

l(xi)

min
xÀX,dÀD

N…
i=1

c(xi, di) �
t

l(xi)

min
xÀX,dÀD

1
Rse +

≥N
i=1

di
lmd(xi)

+ Rsi

s.t. 1
Rse+

≥N
i=1

di
lmd(xi)

+Rsi
f U

(1)

where, in order of precedence, the objective functions are
minimizing GWP, LCC and thermal transmittance of the
building component. The categorical design parameter xi
stands for the material of the ith applicability type, whereas
the continuous design parameter d represents the respective
thickness. The GWP (g), cost (c), thermal conductivity
(lmd) and the RSL of materials (l) of respective applicability
are fixed values for each material and are expressed as a
function of the material. Based on the reference study period
(t) and RSL (l) the frequency of replacement was calculated.

In addition, the presented MOO problem is constrained
by a pre-defined U-value, calculated through the heat trans-
fer coe�cient (R-value) which is expressed as di

lmd(xi)
. The

constraint depends on regulations of di�erent energy stan-
dards. In the proposed framework, two German energy stan-
dards were considered: nearly zero-energy building (NZEB)
and German Building Energy Act (GEG).

The applied MOEA is NSGA-II, realized through the
Python-based package pymoo [39]. As one of the most pop-
ular elitist MOEAs, NSGA-II outperforms other algorithms
for its computation speed [7]. If the dominance relationship
of a over b, i.e. a » b is valid, it is to satisfy the following
condition:

�
≈k := fk(a) g fk(b)

�
·
�
«h := fh(a) > fh(b)

�
(2)

this means that a is strictly better than b in at least one
objective, while not inferior to b in all objectives [15, 40].
Specifically in NSGA-II, the crowded-comparison operator
serves to maintain the diversity among solutions from the
same non-dominated front and prioritizes solutions with a
better non-domination rank or in less crowded areas [7].

For all genetic algorithms (GA), the determination of
parameter ratios is crucial for successful research outcomes
[41, 42]. The parameters include population size and search
parameters such as crossover and mutation operators. Stud-
ies showed that certain optimal parameter ratios are suitable
for di�erent population sizes [41]. According to the initial
settings of the NSGA-II in [7], we used simulated binary
crossover (SBX) operator and polynomial mutation (PLM)
operator in this study. Based on the research in [41], the
corresponding probabilities were set as 0.8 and 0.01 respec-
tively, where the crowding degree was 20. In addition, the
population size was 100. The termination criterion is to be
defined case-specifically based on the change in the per-
formance indicator hypervolume (HV) during the iteration.
The HV measures the area dominated by a set of solutions
and bounded by a pre-defined reference point, and indicates
the performance of the results regarding both diversity and
convergence [43]. In this paper, the reference point was
defined as (1,1,1).

When dealing with real-world problems, the Pareto front
is to be approximated through multiple simulations, which
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were defined as five simulation runs in this paper. The
obtained solution sets were analyzed and evaluated through
the HV value, and the Pareto set with the highest HV value
was further analyzed in the MCDM procedure.

2.3. Uncertainty quantification
Uncertainties arise from the lack of information or

knowledge about the true value of certain variables and oc-
cur during the early planning phase of a building [44,45]. In
this paper, inspired by previous studies [26,46,47], two main
kinds of uncertainties were defined: uncertainty in design de-
cisions and environmental uncertainty. As aforementioned,
the investigation focus within the scope of this paper is to
find the optimal design solution of certain sub-component.
As components (e.g. exterior wall) are sometimes viewed in
their entirety, for example, in order to calculate U-values,
uncertainty in design decisions can arise when the choice of
the material combination for other sub-components within
the component, in which the sub-component under study
is located, has not yet been determined at the time of
decision-making. These uncertainties can be due to the
uncontrollable nature of design preferences and due to the
lack of information on project-related force majeure, such
as static calculation, fire protection regulations, etc. These
uncertainties are expressed as the cumulative GWP (⇠gwp),
costs (⇠c) and R-values (⇠r) of other sub-components that
are not to be optimized. On the other hand, environmental
uncertainties refer to changes in the parameters that are
objectively determined only by environmental factors, such
as weather and time [46]. Herein, no direct influence of
design decisions is present. In this study, environmental
uncertainty ⇠rsl is represented as the uncertain RSL of the
applicability type that is in direct contact with the outside.
The information on this is based on the data from [48].
The two types of uncertainties were integrated in the afore-
described MOO problem using an SP approach.

2.4. Stochastic programming
In general, an SP problem is presented as follows [29,

49]:

min
xÀX,XÀRm,⇠ÀRn

�
F (x) := EP [f (x, ⇠)]

�
(3)

where F (x) is the EV function of the problem corresponding
to the true valued function f (x, ⇠) [29]. In our case, the
MOSO problem is formed as:

min
⌅
EP [f1(x, d, ⇠)], EP [f2(x, d, ⇠)], EP [f3(x, d, ⇠)]

⇧

s.t. EP [g(x, d, ⇠)] f U
(4)

where f1, f2 and f3 represent GWP, cost and thermal trans-
mittance respectively, and g stands for the constraint. x and
d represent the design parameters, in our case the material
and the corresponding thickness. The random vector ⇠ stands
for the uncertainty parameters. In principle, the probability
distribution P of each random vector ⇠ is assumed to be

known a priori. In problems where P can be interpreted
discretely, the EV function can be formed as [29]:

EP [f (x, ⇠)] =
N…
j=1

pjf (x, ⇠j). (5)

Herein, di�erent scenarios ⇠j with respective probabilities
pj , j = 1, ...,N from the probability distribution P are to be
generated.

2.5. Scenario generation
Despite possible finite support of the probability dis-

tribution of uncertainty parameters, solving SP problems
can still be computationally intensive. One of the popular
techniques to generate scenarios is using the exterior Monte
Carlo (MC) sampling approach to approximate the true value
[29]. The idea is to draw N pseudo-random samples ⇠k from
the a priori obtained probability distribution P such that the
general problem (3) is approximated by:

min
xÀX,XÀRm,⇠ÀRn

� ÇFN (x) := 1
N

N…
k=1

f (x, ⇠k)
�

s.t.
� ÇGN (x) := ≥N

k=1 g(x, ⇠k) f 0
�

(6)

which is denoted as a sample average approximation (SAA)
approach [29, 49–52]. In such way, a SP problem can be
transformed into a deterministic optimization problem and
be solved. In this study, if the probability distribution func-
tion (PDF) of the uncertainty parameters can be fitted, the
SAA approach will be performed; otherwise, the parameters
will be integrated into the problem using (5).

By integrating uncertainty parameters through SP, the
MOO problem becomes an MOSO problem.

2.6. Validation of stochastic programming
According to the Law of Large Numbers, F (x) of prob-

lem (3) can be approximated by ÇF (x) as N ô ÿ [29].
Nevertheless, since ÿ is impossible to reach and in order
to reduce the computational and time cost, the sample size
N should be determined. In this paper, sample sizes of N =
50, 100, 500, 1,000, 5,000 were tested respectively.

Subsequently, it is necessary to check if the sample
size N is large enough. For this purpose, the out-of-sample
validation approach is introduced. For the validation, a set of
samples (i.e. validation set) is used, where the sample size
M is bigger than the sample size N under study. In SOO
problems, it is to evaluate the proximity of ÇF (x) and obtained
Fval(x) through the validation set. If ÇF (x) ˘ Fval(x) does not
hold, N should be increased. In our case, within an MOSO
problem, the comparison of ÇF (x) and Fval(x) was realized
through a three-dimensional and pair-wise two-dimensional
illustrations of the approximated Pareto fronts. Accordingly,
a validation set with 10,000 samples was defined. The sam-
ple size can then be selected that provides satisfactory per-
formance without being extremely time-consuming.
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In addition to the out-of-sample validation, the optimiza-
tion outcomes were validated regarding the reliability of the
SAA approach, where the impact of the potentially interde-
pendent uncertainty parameters on the optimization results
was examined. Herein, MC simulation was performed 1,000
times with the exact discrete optional design parameters and
the average values of each objective function were compared
with the corresponding optimization results.

2.7. Multi-criteria decision-making
In the early design phase, it is intended to provide plan-

ners with possible optimal solutions for free subjective se-
lection. However, sorting out the priority of the obtained
Pareto-optimal solutions can also better help the decision-
makers. For this purpose, techniques such as MCDM are
usually applied [25, 40, 53]. Through numeric techniques,
MCDM methods help to rank a discrete set of potential op-
tions and assist decision-makers to make optimal decisions.

In this paper, an Euclidean-distance-based method, TOP-
SIS, was applied. Before performing the TOPSIS method, it
is necessary to establish weighting factors for each target
and normalize the results. In the first step, the results of the
obtained Pareto-optimal options were normalized through:

ski =
fki *min(fki)

max(fki) *min(fki)
(7)

which is denoted as the Max-Min method, for which the
maximum and minimum values of the results were required.
Here, fki represents the result of the kth objective in the ith
order. As for determining the weighting factor, two kinds of
methods were used in this study. The first one is the entropy
weight method (EWM), where the entropy for each objective
is calculated as [54]:

Ek = * 1
ln n

n…
i=1

ski ln ski (8)

where n represents the number of results under each objec-
tive, in our case the population size (100) of the MOSO.
Subsequently, the weighting factor w for each objective is
defined as [54]:

wk =
1 * Ek≥m

k=1(1 * Ek)
(9)

Beside the EWM, as a comparison, the weighting factor
of each objective was also manually defined to represent the
decision-makers’ preference for certain one or two objec-
tives.

In the procedure of the TOPSIS method, the "ideal"
(s+k ) and the "nadir" (s*k ) points, i.e. the best and the worst
results of each objective, should primarily be defined. Then,
the Euclidean distance of each result to the "ideal" and
the "nadir" points was calculated respectively following the
equations [55]:

d+i =

yxxw
m…

k=1
(ski * s+k )2 (10)

d*i =

yxxw
m…

k=1
(ski * s*k )2 (11)

Subsequently, the relative closeness to the ideal solution, i.e.
the so-called score, is presented as follows [55]:

ci =
d*i

d*i + d+i
, 0 < ci < 1 (12)

Among the obtained Pareto-optimal solutions, the alterna-
tive solution with a ci closest to 1 will be selected as the best
solution. Other alternative solutions will be listed in order of
the score. Accordingly, a set of ranked optimal solutions can
be provided to planners / decision-makers.

3. Case Study
3.1. Construction type

Figure 3: Investigated solid timber construction type

For the case study, the exterior wall of solid timber and
brick construction types with ventilated façade elements was
investigated, which are one of the most commonly applied
conventional construction types [56]. As stated, the fre-
quency of replacement was calculated based on the reference
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Figure 4: Investigated solid brick construction type

study period and RSL from the knowledge-based database.
In the case study, the reference study period was defined
as 55 years. It is to mention that since the investigated
façade elements were ventilated, the applicability types on
the outer side of the ventilation layer were not included in
the calculation of the thermal transmittance. The required
data were extracted from the corresponding part of the
knowledge-based database. As shown in Figure 3 and Figure
4, the building component exterior wall consists of three sub-
components: exterior wall cladding (inside), exterior load-
bearing wall, and exterior wall cladding (outside). From the
top to the bottom, the elements are arranged in order from the
inside to the outside of a building. Depending on di�erent
inputted construction types, various applicability types were
allocated to each sub-component. Herein, it is to note that
additional interior insulation is commonly needed for the
installation layer in timber construction, while brick walls
are often of simpler construction with only exterior insu-
lation. Thus, double the exterior insulation thickness was
defined for the brick construction to obtain two rigorously
qualitatively equivalent construction types. Regardless of
the main construction materials, the sub-component exte-
rior wall cladding (outside) is observed as the aesthetic,
insulating and sheltering layer against weathering changes.
Hence, it is of interest to find the possibly most robust
option of this sub-component, especially when other sub-
components are uncertain in the early stages or subject to
changes as the design process progresses. Accordingly, the
respective material choice for each applicability type of the
exterior wall cladding (outside) were the design parameters
xi, while the cumulative GWP (⇠gwp), costs (⇠c) and R-
values (⇠r) of the other sub-components of the exterior wall
were considered as uncertainties in design decisions.

3.2. Parameter quantification
The following is a detailed description of solid timber

construction as an example. In total, 10 design parameters
were defined for the solid timber construction (Table 1). The
materials of the applicability types of the sub-component
exterior wall cladding (outside) are categorical parameters,
while the respective corresponding thickness is counted as
a continuous parameter. As mentioned in section 2.1, all
materials are in or converted into 1 m2 and the thickness were
therefore subsequently adjusted. Accordingly, the wooden
or metal part of the substructure are converted from slats
and profiles to plates. In addition, the thickness range of
house wrap is exactly 1, for the GWP unit of the materials
assigned to this applicability type were "kg CO2-eq/m2", and
the thickness considered in the subsequent calculation main-
tained consistent. In this case, the cost was not thickness-
dependent.

As shown in Figure 3 and 4, the parameters marked with
blue are the uncertainty parameters, including the applicabil-
ity types from exterior wall cladding (inside), exterior load-
bearing wall and the RSL of the wall cladding on the outer
side. For uncertainty in design decisions, potential materials
of all uncertain applicability types were merged by order
and subsequently by their matching sub-components. The
merging in this context was based on the Cartesian product
of all the uncertain material decisions. To prevent the dimen-
sional explosion of the Cartesian product, we defined the
maximum, minimum and average values for the thickness
of each uncertain material. Accordingly, the probability dis-
tribution P can be obtained for each uncertainty parameter.
Subsequently, the cumulative GWP values (⇠gwp), costs (⇠c)
and R-values (⇠r) of the sub-components exterior wall (in-
side) and the exterior load-bearing wall were defined. As for
the environmental uncertainty parameters, the wall cladding
on the outer side is most a�ected by the environment and
weather among all applicability types. Hence, its RSL was
observed as the environmental uncertainty parameter ⇠rsl in
this study. The drawn pseudo-random samples followed the
log normal distribution based on [48].

3.3. Energy standard
As aforementioned, two energy standards were taken

into account in the study. Depending on certain regional
regulations or requirements from the building owners, di�er-
ent U-values of building components are accepted. For the
exterior wall, the required U-value from GEG and NZEB
is 0.21 W/m2K and 0.18 W/m2K respectively. With these
two di�erent constraints, the respectively obtained Pareto-
optimal solutions from the MOSO process were compared.

4. Results
4.1. Uncertainty quantification

Through the Cartesian product of all the uncertain ma-
terial choices, possible combinations of the exterior wall
cladding (inside) and exterior load-bearing wall, i.e. the
uncertainty parameters in design decisions, were obtained.
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Table 1
Design parameters of solid timber construction ((15),(16) and (17) are products from the manufacturer ROCKWOOL)

Design parameters Description Parameter type Parameter set

x1 House wrap categorical

(1) PE underlay -
fabric reinforced (thickness 0.00015m)
(2) PP underlay (thickness 0.00015m)

(3) PUR underlay on PET fleece
(thickness 0.0005m)

x2 Ventilation layer (wood) categorical

(5) Softwood lumber - dried
(6) Beech lumber (12% moisture, 10.7% H2O)
(7) Spruce lumber (12% moisture, 10.7% H2O)
(8) Pine lumber (12% moisture, 10.7% H2O)
(9) Larch lumber (12% moisture, 10.7% H2O)

x3 Insulated wood (insulation) categorical

(10) Conventional cotton
(11) Ecological cotton

(12) Flax fleece
(13) Hemp fleece

(14) Mineral wool (façade insulation)
(15) rock wool insulation

in high density range
(16) rock wool insulation
in medium density range
(17) rock wool insulation

in low density range

x4 Insulated wood (wood) categorical

(18) Softwood lumber - dried
(19) Beech lumber (12% moisture, 10.7% H2O)
(20) Spruce lumber (12% moisture, 10.7% H2O)
(21) Pine lumber (12% moisture, 10.7% H2O)
(22) Larch lumber (12% moisture, 10.7% H2O)

x5 Wall cladding categorical

(23) Aluminum sheet
(24) Steel hot rolled sheets (2-20mm)

(25) Steel sheet (20 µm strip galvanized)
(26) Steel sheet (0.3-3mm)

(27) NedZink Naturel
(28) NedZink NOVA, NedZink NOIR

(29) Stainless steel sheet
(30) Lead sheet

(31) Oak lumber (12% moisture, 10.7% H2O)
(32) Planed timber

(33) Hardwood lumber
(34) Softwood lumber

(35) Natural stone slab, hard, façade,
(thickness 0.03m)

(36) Natural stone slab, soft, façade
(37) WPC façade element

(38) Beech lumber (12% moisture, 10.7% H2O)
(39) Spruce lumber (12% moisture, 10.7% H2O)
(40) Pine lumber (12% moisture, 10.7% H2O)
(41) Larch lumber (12% moisture, 10.7% H2O)

(42) TERRART façade panel
(43) Cast glass - profile construction glass

(44) Cast glass - basic profile construction glass
(45) Hot dip galvanized steel sheet

(46) Fiber cement board
(47) Pladur

x6 Thickness of house wrap continuous [1,1]

x7 Thickness of Ventilation layer (wood), unit: m continuous [0.0016, 0.0064]
x8 Thickness of insulated wood (insulation), unit: m continuous [0.0276, 0.092]

x9 Thickness of insulated wood (wood), unit: m continuous [0.0024, 0.008]

x10 Thickness of wall cladding, unit: m continuous Material-specific
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(a) (b) (c)

(d) (e) (f)

Figure 5: Probability distribution of uncertainty parameters of solid timber construction: (a) cumulative R-value, (b) cumulative
GWP, (c) cumulative cost of sub-components exterior wall cladding (inside) and exterior load-bearing wall; and of solid brick
construction: (d) cumulative R-value, (e) cumulative GWP, (f) cumulative cost of sub-components exterior wall cladding (inside)
and exterior load-bearing wall

Table 2
Fitting results of uncertainty parameters of solid timber con-
struction

Uncertainty
parameter Description Fitted PDF Fitting

parameters

⇠r R-value - -

⇠gwp GWP F distribution

loc: -0.21,
dfn: 26.74,
dfd: 12.33,
scale: 64.96

⇠c Cost �2 distribution
df: 11.61,

loc: 124.22,
scale: 25.03

⇠rsl
RSL

Wall cladding
Log normal
distribution

meanlog: 3.78,
sdlog: 0.34 [48]

The results were then analyzed through a probability distri-
bution fitting with the Python-based package fitter, and the
best fitted PDF was selected based on the squared sum of
error (SSE). Fig. 5 shows the probability distribution of the
uncertainty parameters, i.e. cumulative R-value, cumulative
GWP, and cumulative cost of sub-components exterior wall
cladding (inside) and exterior load-bearing wall. While the
cumulative R-value of the solid timber construction does not
fit any common PDF, the latter two uncertainty parameters
were proven to fit the F distribution and �2 distribution
respectively. As for the solid brick construction, similarly,
the R-value does not fit any common PDF, while the cu-
mulative GWP and cumulative cost fit the F distribution

Table 3
Fitting results of uncertainty parameters of solid brick con-
struction

Uncertainty
parameter Description Fitted PDF Fitting

parameters

⇠r R-value - -

⇠gwp GWP F distribution

loc: -0.17,
dfn: 20.06,
dfd: 13.09,
scale: 64.46

⇠c Cost Gumbel
distribution

loc: 169.93,
scale: 42.91

⇠rsl
RSL

Wall cladding
Log normal
distribution

meanlog: 3.78,
sdlog: 0.34 [48]

and Gumbel distribution respectively. When comparing the
two construction types, it is interesting to observe that the
probability distribution course of the uncertainty parameters
is similar for timber and brick construction. A possible
explanation lies in the similar solid construction type and
the ventilated façade elements.

The fitting results are shown in Table 2 and Table 3.
Accordingly, the quantification of the cumulative uncertain
R-values can be realized through the (5) in section 2.3.1,
while the other uncertainties can be determined through the
SAA approach.

4.2. Termination criterion
In this paper, the termination criterion of the MOSO is

determined according to the HV value during the iteration.
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Figure 6 shows the change in the HV value of timber con-
struction during one exemplary run. Starting from an initial
population size of 15,000, obtained through the Cartesian
product of the categorical parameters, the population size
increased in steps of 100. Here, a significant rise of the
HV value was observed during the first 18,000 function
evaluations, i.e. 30 generations, and a gradual stabilization
from approximately the 19,000th function evaluation, i.e. the
40th generation. Based on this and to ensure a better stability,
the termination criterion was defined as 100 iterations. Simi-
larly, the termination criterion for brick construction was set
at 100 generations based on the gradual stable point of HV
value.

Figure 6: Hypervolume during generation increase of solid
timber construction constrained by the energy standard NZEB

4.3. Pareto-optimal solutions
Through the proposed method, the approximated fronts

of the two construction types, each constrained by the two
energy standards, can be obtained. Figure 7 exemplarily
shows the results of solid timber construction constrained
by NZEB. Herein, the out-of-sample validation is illustrated
through the three-dimensional comparison of ÇF (x) of sam-
ple sizes N = 50, 100, 500, 1,000, 5,000, with the Fval(x)
of 10,000 samples. It can be observed that the approximated
Pareto fronts resembled the validation set at a sample size of
1000, which suggests a further procedure with this sample
size. To better interpret the out-of-sample validation result,
an exemplary two-dimensional projection is shown in Fig. 8.

From the results obtained, the "best" performing Pareto
set was selected in each case according to the HV value. The
selected solution sets of timber construction, constrained
by NZEB and GEG, had HV values of 0.82 and 0.78,
respectively. As for brick construction with NZEB and GEG
constraints, the solution sets with HV value of 0.78 and 0.76
were selected. The obtained Pareto-optimal solutions are
shown in the supplementary material, which can be provided
to planners or decision-makers as design assistance support
during the early design and modeling phase.

For timber construction, the material options for house
wrap and the wooden plate of the ventilation layer are
relatively limited in all scenarios. In contrast, more material

solutions were provided for the insulated wood substructure
and wall cladding. For the insulation part of the insulated
wood substructure, the most commonly appearing material
is rock wool insulation in low density range. Especially
to satisfy the constraint of NZEB, almost half of the 100
Pareto-optimal solutions contain this insulation material.
The reasons for this result point to the significantly lower
price and GWP of this material. For the wooden part of
the insulated wood substructure, softwood lumber is most
often selected to meet the requirements of NZEB (73%) and
GEG (92%). Since the potential materials are merely slightly
di�erent regarding cost and thermal conductivity, softwood
lumber outperforms other materials for its low GWP value
in total. As for wall cladding, there are 7 and 6 materials
covering wood, metal and glass for the contraints of NZEB
and GEG respectively. It can be observed that the frequency
of occurrence of steel and wooden materials is similar.

For brick construction, the choice of material is rela-
tively definite for the steel part of the insulated steel sub-
structure and the metal part of the ventilation layer. Similar
to timber construction, more material options were obtained
for insulation and wall cladding. The insulation materials
that appeared most frequently to satisfy the NZEB constraint
are rock wool insulation in low and in high density range,
and for the GEG constraint it is rock wool insulation in low
density range. As for the wall cladding, similar results to
those obtained for timber construction were obtained, with
a slight predominance of hardwood timber.

Concerning the continuous parameters, the obtained
thickness of each material varies within a relatively smaller
range than its initially defined range. This is especially
pronounced in insulation materials, due to the constrained
thermal transmittance of the exterior wall. Evidently, be-
cause of a more lenient constraint, the range of results to
achieve GEG is larger than that for achieving NZEB to a
certain extent. For instance, in timber construction, rock
wool insulation in low density range has a range between
7.7 cm and 9.2 cm for NZEB, and a range between 5 cm
and 9.2 cm for GEG. Regardless of the di�erent ranges
for the di�erent energy standards, the narrowed thickness
ranges lie above their average thickness values defined in
the knowledge-based database. This is consistent with the
argument about the value of SP in a side perspective, that
decisions made using only the average of the parameters are
not optimal [57]. In our case, a more supported choice of
material thickness can be o�ered for building modeling in
the early planning phase.

In addition, it is to observe that conventional cotton, the
insulation material with the lowest maximum cost, the sec-
ond lowest GWP yet the highest thermal conductivity, was
additionally accepted for both construction types under GEG
constraint. This is due to the less stringent constraint of GEG,
which leads to a greater tolerance to materials with relatively
higher thermal conductivity and a preference for materials
with better performance on the other two objectives. When
comparing the objective outcomes, i.e. EVs of the exterior
wall, the results vary by the main structure material in
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(a) (b) (c)

(d) (e)

Figure 7: Out-of-sample validation results of solid timber construction constrained by NZEB (the red point cloud represents the
validation set with 10,000 samples, the gray point clouds represent investigated sample sizes): (a) sample size 50, (b) sample size
100, (c) sample size 500, (d) sample size 1000, (e) sample size 5000

(a) (b) (c)

(d) (e)

Figure 8: Exemplary two-dimensional projection of the out-of-sample validation results of solid timber construction constrained
by NZEB: (a) sample size 50, (b) sample size 100, (c) sample size 500, (d) sample size 1000, (e) sample size 5000
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(a) (b) (c)

(d) (e) (f)

Figure 9: Reliability analysis of the optimization results of timber construction through the SAA approach: (a)-(c) constrained
by NZEB, (d)-(f) constrained by GEG

spite of the similar solid construction and ventilated façade
elements. Subject to the constraints of thermal transmittance
being satisfied, timber construction has generally lower ex-
pected GWP values, while brick construction demonstrates
its overall price advantage.

4.4. Validation of stochastic programming
Beside the afore-shown out-of-sample validation, the

results of the reliability analysis of the SAA approach were
performed. Figure 9 exemplarily shows the results of the
solid timber construction. It is to observe that the average
GWP, cost and U-value results from the MC simulation are
consistent with the optimized outcomes, which proved the
reliability of the SAA approach. In addition, this analysis
is especially valuable since the uncertainty parameters were
based on specific characteristics of the materials and could
be potentially interdependent. In this respect, the applied
methodology was proved feasible and reliable in case of
having potentially interdependent uncertainty parameters.

4.5. Decision-making
Following the method described in section 2.4, the ob-

tained 100 Pareto-optimal options were further analyzed and
sorted in descending order. For this purpose, 14 scenarios
with di�erent weighting factors and energy standards were
compared for each construction type. The respective weight-
ing factors are shown in Table 4. Regarding the results using
the EWM, it is to mention that the choice of the normal-
ization method could a�ect the outcome of the weighting
factors. Since we applied the Max-Min method, the weight-
ing factors vary in a relatively even range. In addition to

the weighting factors based on EWM, weighting factors to
mimic the decision-makers’ preference were defined. In this
respect, the factor for the higher weighted criterion is 0.8
if one objective is preferred and 0.45 respectively if two
objectives are preferred.

Table 4
Weighting factors of the objectives

Method GWP Cost U-value

EWM (timber, NZEB) 0.34 0.36 0.3
EWM (timber, GEG) 0.31 0.39 0.3
EWM (brick, NZEB) 0.3 0.42 0.29
EWM (brick, GEG) 0.324 0.317 0.359
GWP dominated 0.8 0.1 0.1
Cost dominated 0.1 0.8 0.1
U-value dominated 0.1 0.1 0.8
GWP-cost dominated 0.45 0.45 0.1
GWP-U-value dominated 0.45 0.1 0.45
Cost-U-value dominated 0.1 0.45 0.45

Table 5 and Table 6 show the optimal options for the
two construction types in di�erent scenarios. It is worth
noting that since all objectives have weighting factors in
all cases, the results of scenarios with preferred objective(s)
are not equal to results from an SOO process. Generally for
timber construction, it is to observe that the optimal solu-
tions under all scenarios constrained by NZEB are similar,
with mineral wool and rock wool insulation in low density
range alternating for the insulation. In contrast, the material
combinations for GEG are more diverse. Due to a more
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Table 5
The optimal option for timber construction under each scenario (all materials are in or converted into 1 m2)

Scenario
Insulated wood
substructure

(wood)

Insulated wood
substructure
(insulation)

House wrap Ventilation layer
(wood) Wall cladding GWP

(kg CO2-eq/m2)
Cost

(€/m2)
U-value

(W/m2K)

EWM
(NZEB)

Softwood
lumber
0.008 m

rock wool
insulation in low
density range

0.092 m

PP
underlay

Softwood
lumber
0.006 m

Hardwood
lumber
0.015 m

92.71 689 0.165

GWP
dominated
(NZEB)

Softwood
lumber
0.008 m

rock wool
insulation in low
density range

0.092 m

PP
underlay

Softwood
lumber
0.006 m

Hardwood
lumber
0.015 m

92.71 689 0.165

Cost
dominated
(NZEB)

Softwood
lumber
0.008 m

Mineral wool
(façade insulation)

0.092 m

PP
underlay

Softwood
lumber
0.002 m

Hardwood
lumber
0.015 m

96.51 680 0.166

U-value
dominated
(NZEB)

Softwood
lumber
0.008 m

Mineral wool
(façade insulation)

0.092 m

PP
underlay

Softwood
lumber
0.002 m

Hardwood
lumber
0.015 m

96.51 680 0.166

GWP-cost
dominated
(NZEB)

Beech
lumber
0.008 m

rock wool
insulation in low
density range

0.089 m

PE
underlay

Softwood
lumber
0.002 m

Hardwood
lumber
0.015 m

93.39 677 0.169

GWP-U-value
dominated
(NZEB)

Softwood
lumber
0.008 m

rock wool
insulation in low
density range

0.092 m

PP
underlay

Softwood
lumber
0.006 m

Hardwood
lumber
0.015 m

92.71 689 0.165

Cost-U-value
dominated
(NZEB)

Softwood
lumber
0.008 m

Mineral wool
(façade insulation)

0.092 m

PP
underlay

Softwood
lumber
0.002 m

Hardwood
lumber
0.015 m

96.51 680 0.166

EWM
(GEG)

Softwood
lumber
0.008 m

rock wool
insulation in low
density range

0.092 m

PE
underlay

Softwood
lumber
0.006 m

Softwood
lumber
0.015 m

91.24 748 0.165

GWP
dominated

(GEG)

Softwood
lumber
0.008 m

Conventional
cotton

0.091 m

PE
underlay

Softwood
lumber
0.002 m

Hardwood
lumber
0.016 m

94.08 681 0.177

Cost
dominated

(GEG)

Softwood
lumber
0.008 m

Conventional
cotton

0.088 m

PE
underlay

Softwood
lumber
0.002 m

Steel sheet
(0.3-3mm)
0.0005 m

106.79 671 0.179

U-value
dominated

(GEG)

Softwood
lumber
0.008 m

Mineral wool
(façade insulation)

0.09 m

PE
underlay

Softwood
lumber
0.002 m

Hardwood
lumber
0.015 m

96.48 691 0.168

GWP-cost
dominated

(GEG)

Softwood
lumber
0.005 m

rock wool
insulation in low
density range

0.052 m

PP
underlay

Softwood
lumber
0.002 m

Steel sheet
(0.3-3mm)
0.0005 m

101.67 657 0.208

GWP-U-value
dominated

(GEG)

Softwood
lumber
0.008 m

Mineral wool
(façade insulation)

0.09 m

PE
underlay

Softwood
lumber
0.002 m

Hardwood
lumber
0.015 m

96.48 691 0.168

Cost-U-value
dominated

(GEG)

Spruce
lumber
0.008 m

rock wool
insulation in high

density range
0.092 m

PP
underlay

Softwood
lumber
0.002 m

Steel sheet
(0.3-3mm)
0.0005 m

134.31 679 0.166

lenient constraint, insulation with smaller thickness (e.g. 5.2
cm) or with higher thermal conductivity (e.g. conventional
cotton) was occasionally selected for the optimal solutions.
In addition, the di�erence in material combination for sce-
narios with one preferred objective and scenarios with two
preferred objectives can be seen. For instance, when looking
at the results of scenarios constrained by NZEB, if cost was
the only preferred objective, the insulation material with
the lowest price (conventional cotton) was chosen without

regard to other objectives; if U-value is equally weighted,
the least expensive insulation material with relatively low
thermal conductivity (rock wool insulation in high density
range) was chosen instead. As for brick construction, the
results present a similar picture as for timber construction.
To satisfy the constraint of NZEB, rock wool insulation in
low density range was top-ranked. To meet the requirement
of GEG, conventional cotton appears often for its price
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Table 6
The optimal option for brick construction under each scenario (all materials are in or converted into 1 m2)

Scenario
Insulated steel
substructure

(steel)

Insulated steel
substructure
(insulation)

Non-insulated
metal substructure

(metal)
Wall cladding GWP

(kg CO2-eq/m2)
Cost

(€/m2)
U-value

(W/m2K)

EWM
(NZEB)

Hot dip
galvanized
steel sheet

rock wool
insulation in low
density range

0.198 m

Aluminium
profile

0.0004 m

Hardwood
lumber
0.015 m

137.4 567 0.16

GWP
dominated
(NZEB)

Hot dip
galvanized
steel sheet

rock wool
insulation in low
density range

0.195 m

Aluminium
profile

0.0003 m

Hardwood
lumber
0.015 m

131.99 566 0.162

Cost
dominated
(NZEB)

Hot dip
galvanized
steel sheet

rock wool
insulation in low
density range

0.19 m

Aluminium
profile

0.0003 m

Steel sheet
(0.3-3mm)
0.0005 m

146.64 556 0.166

U-value
dominated
(NZEB)

Hot dip
galvanized
steel sheet

rock wool
insulation in low
density range

0.198 m

Aluminium
profile

0.0004 m

Hardwood
lumber
0.015 m

137.4 567 0.16

GWP-cost
dominated
(NZEB)

Hot dip
galvanized
steel sheet

rock wool
insulation in low
density range

0.196 m

Aluminium
profile

0.0003 m

Hardwood
lumber
0.015 m

131.99 566 0.162

GWP-U-value
dominated
(NZEB)

Hot dip
galvanized
steel sheet

rock wool
insulation in low
density range

0.198 m

Aluminium
profile

0.0004 m

Hardwood
lumber
0.015 m

137.4 567 0.16

Cost-U-value
dominated
(NZEB)

Hot dip
galvanized
steel sheet

rock wool
insulation in low
density range

0.198 m

Aluminium
profile

0.0004 m

Hardwood
lumber
0.015 m

137.4 567 0.16

EWM
(GEG)

Hot dip
galvanized
steel sheet

Conventional
cotton
0.17 m

Aluminium
profile

0.0003 m

Hardwood
lumber
0.015 m

129.06 531 0.207

GWP
dominated

(GEG)

Hot dip
galvanized
steel sheet

rock wool
insulation in low
density range

0.193 m

Aluminium
profile

0.0002 m

Hardwood
lumber
0.015 m

128.5 568 0.164

Cost
dominated
(NZEB)

Hot dip
galvanized
steel sheet

Cotton
conventional

0.198 m

Aluminium
profile

0.0002 m

Steel sheet
(0.3-3mm)
0.0005 m

146.91 534 0.181

U-value
dominated
(NZEB)

Hot dip
galvanized
steel sheet

rock wool
insulation in low
density range

0.193 m

Aluminium
profile

0.0002 m

Hardwood
lumber
0.015 m

128.5 568 0.164

GWP-cost
dominated
(NZEB)

Hot dip
galvanized
steel sheet

Conventional
cotton

0.192 m

Aluminium
profile

0.0003 m

Hardwood
lumber
0.015 m

131.86 538 0.186

GWP-U-value
dominated
(NZEB)

Hot dip
galvanized
steel sheet

rock wool
insulation in low
density range

0.193 m

Aluminium
profile

0.0002 m

Hardwood
lumber
0.015 m

128.5 568 0.164

Cost-U-value
dominated
(NZEB)

Hot dip
galvanized
steel sheet

rock wool
insulation in high

density range
0.198 m

Aluminium
profile

0.0003 m

Steel sheet
(0.3-3mm)
0.0005 m

204.85 547 0.161

advantage, as long as the constraint of thermal transmittance
is satisfied.

Overall, although the other top-ranked material com-
binations for each construction type and energy standard
di�er from scenario to scenario, some degree of overlap
can be observed in the top-ranked material combinations.
Despite certain similarity, the top-ranked Pareto-optimal

options vary the most in insulation and wall cladding choice,
regardless of scenarios and energy standards. While the
thickness of the same wall cladding materials remains the
same for the same energy standard, the thickness of the
insulation materials vary. This can be explained by its thick-
ness and its importance in terms of thermal transmittance,
which also confirms the rationale for optimizing the chosen
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building sub-component. The most frequently top-ranked
insulation material is rock wool insulation in low density
range, whereas conventional cotton is top-ranked in cost
dominated scenarios. Furthermore, hardwood lumber gen-
erally outperforms other wall cladding materials. When ob-
serving the objective outcomes of the top-ranked options, it
is to see that the respective GWP and price advantages of
timber and brick construction types resonate the results in
section 4.3.

Based on the frequency of occurrence of the optimal
option in scenarios with di�erent weighting factors, the best
solution for timber construction, in the order of applicability
types in Fig. 5, is the combination of softwood lumber, rock
wool insulation in low density range, PP underlay, softwood
lumber and hardwood lumber. As for brick construction, the
best solution is the combination of softwood lumber, mineral
wool, PE underlay, softwood lumber and hardwood lumber.
Nevertheless, it should be noted that the top-ranked optimal
solution merely provides one recommended decision option,
and the entire Pareto-optimal solution set should be observed
as a decision catalog for design and modeling assistance in
the early design phase.

5. Discussion
As the decision-making considering trade-o�s to satisfy

various stakeholders has been gaining increasing attention
in building planning process, numerous previous studies
have been conducted to obtain the best design solutions
through the MOO approach. However, merely limited stud-
ies have modeled the uncertainty that is inevitable in the
early design phase. The presented work aims to perform
a decision-making procedure in the early design phase of
façade design under uncertainty. For this purpose, an MOSO
framework, coupled with a TOPSIS-based MCDM strategy,
was proposed to narrow the range of material choices and
to target the possibly robust solutions. Focusing on the
material choice, the proposed framework helps to choose
the possibly robust material combination of building façade
design in the early phase, which is especially useful for the
early modeling process, e.g. when choosing the appropriate
placeholder materials in the BIM software. Subsequently,
more meaningful LCA calculation and building performance
simulation could be realized. As the data basis of this study,
a knowledge-based database was created to integrate expert
knowledge of building construction types, composition of
building components and material applicability. Compared
to other studies [15,26,46], the database enables a systematic
integration of the most common construction types which
circumvents cumbersome case-specific analysis and is thus
beneficial in other arbitrary cases in the early design phase.
On the basis of the knowledge-based database, categorical
and continuous design parameters could be defined to calcu-
late the objectives of LCA, LCC and thermal transmittance.

In this paper, two types of uncertainty were defined:
uncertainty in design decisions and environmental uncer-
tainty. Compared to other studies [15, 25], the classification

provides a more understandable communication and allows
a better application in real decision-making process in early
design stages. In addition, this contributes to provide a basis
for integrating other uncertainty parameters into a more
comprehensive uncertainty catalog in future studies. The
uncertainty was modelled in the proposed MOO problem
through an SP approach. Compared to previous studies, such
as [11, 21, 25], the proposed MOSO framework provides a
novel way to integrate uncertainty a priori in the optimiza-
tion process, which e�ectively provides recommended op-
tions for building façade materials when considering uncer-
tainties in decision-making. Moreover, di�erent from the RO
approach proposed by [26], the SO approach is risk-neutral
and can provide optimal solutions less conservatively.

With a case study of two construction types, solid timber
and brick construction, our MOSO framework was tested.
Results show that regardless of construction types and en-
ergy standards, the most varying applicability types were
insulation and exterior wall cladding, which were also the
sharing applicability types of the two construction types.
Regarding thickness, it was also proved that it is not optimal
to use only the average value of the parameters in decision-
making. Comparing the two construction types, when the
constraints of the energy standards were satisfied, timber
construction shows its advantage in GWP and brick con-
struction is more advantageous in terms of cost. As the
database is based on the German market, we encourage
researchers to validate the results in an alternative economic
context. In addition, the MCDM strategy allowed ranking of
the obtained Pareto-optimal solutions, which can be ordered
according to specific preferences of the three investigated
objectives. Overall, a Pareto-optimal solution set with rec-
ommendations can be provided as a decision catalog that
can potentially serve as a design guidance for planners,
especially for finding appropriate "placeholder" materials in
the early modeling phase.

However, certain perspectives of the presented frame-
work can still be deepened. Since the study mainly focused
on the material choice of the building façade design, other
aspects were not taken into account, such as heating and
cooling conditions and window-to-wall ratio, which are also
relevant in the early design and modeling phase. In a follow-
up study, it is intended to extend the design parameters and
uncertainty parameters based on the introduced uncertainty
classification. Secondly, the environmental uncertainty in
this study, i.e. the RSL of the wall cladding, was defined
equally for all materials. This lack of material di�erentiation
can be filled by a more detailed investigation of the façade
in segmented types, such as material types.

In a longer view, subsequent compensation measures
(e.g. more insulation material or technological solutions)
according to the decisions made during the design devel-
opment can also be included in the proposed single-stage
MOSO framework. In future work, we plan to further incor-
porate multi-stage decision-making and possible dynamic
changes of uncertainty parameters into the framework con-
sidering a holistic design process.
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6. Conclusion
In this paper, we proposed an MOSO framework, cou-

pled with a TOPSIS-based MCDM strategy, to find out the
possibly robust optimal material combination of building
façade design in the early design and building modeling
phase. Two types of uncertainty, uncertainty in design de-
cisions and environmental uncertainty, were defined and
modelled a priori through an SP approach. Through a case
study of two construction types, it can be observed that the
most varying applicability types of exterior walls were insu-
lation and wall cladding. In addition, the proposed MOSO
framework was able to demonstrate that it is not optimal to
use only the average thickness of building components in
optimization to support decision-making. Overall, a GWP
advantage in solid timber construction and a cost advantage
in solid brick construction can be observed. To conclude, the
presented work establishes a foundational framework that
could potentially be applied in a more dynamic decision-
making process to explore in depth the decision-making
under uncertainty in building design.
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