
Building and Environment 251 (2024) 111211

A
0

Contents lists available at ScienceDirect

Building and Environment

journal homepage: www.elsevier.com/locate/buildenv

A holistic two-stage decision-making methodology for passive and active
building design strategies under uncertainty
Chujun Zong a,∗, Xia Chen b, Fatma Deghim a, Johannes Staudt a, Philipp Geyer b, Werner Lang a

a Institute of Energy Efficient and Sustainable Design and Building, Technical University of Munich, Arcisstraße 21, Munich, 80333, Germany
b Sustainable Building Systems, Leibniz University Hannover, Herrenhäuser Straße 8, Hannover, 30419, Germany

A R T I C L E I N F O

Keywords:
Passive design
Life cycle assessment
Decision-making
Multi-objective optimization
Uncertainty
Two-stage stochastic programming
Machine learning

A B S T R A C T

In the last decade, many studies focused on finding optimal design solutions considering trade-offs between
different aspects of building design. Accordingly, multi-objective optimization (MOO) approaches have been
increasingly applied in the building industry. However, certain aspects must be deepened to ensure a more
effective decision-making process in the early planning phase. On the one hand, uncertainties should be
considered before making decisions to ensure the robustness of the optimal solutions; on the other hand,
decisions are made at different times in building planning, and the sequential order of making decisions should
be modeled. This paper presents a holistic two-stage multi-objective stochastic optimization (MOSO)-II framework
to minimize the environmental impact of global warming potential (GWP) and cost throughout the entire life
cycle of a building (phases of A1-A3, B4, B6 and C3-C4), considering passive and active design strategies
in two consecutive stages, under uncertainty. Herein, individual/use and political/market uncertainties are
considered. As a proof of concept, the proposed framework is applied in a case study for a generic zone in a
multi-family terraced residential building type with solid brick construction. The advantages of the proposed
framework are validated by comparing it with alternative single-stage MOSO frameworks. Results show that
the proposed two-stage MOSO-II framework can deliver a smaller range of solutions with a better performance
in terms of lower GWP and cost. It indicates that the proposed framework can effectively assist planners in
decision-making by reducing the effort in choosing the proper solution. Secondly, the results also emphasize the
importance of passive design strategies in sustainable building planning. In addition, the energy mix structure
and cost of energy sources should be carefully adjusted in the future to promote a more ecologically sustainable
building design.
1. Introduction

1.1. Background

Thanks to more advanced computer-aided technologies, such as
building information modeling (BIM), design solutions can be assessed
and adjusted in the design phase of a building, avoiding potential
financial and personnel efforts of later changes [1]. During the decision-
making process, different objectives should be considered. In the build-
ing industry, the most commonly considered objectives include op-
erational energy consumption, thermal comfort, daylight conditions,
environmental impact through life cycle impact assessment (LCIA) and
economic impact through life cycle cost (LCC) analysis [2]. Never-
theless, certain objectives are conflicting which makes it difficult to
determine an optimal solution [3]. Thus, aiming at finding the optimal
solutions considering trade-offs between the conflicting objectives in
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the early decision-making process, multi-objective optimization (MOO)
approaches are introduced. Accordingly, instead of one unique optimal
solution, a set of Pareto-optimal solutions can be obtained as a solution
catalogue.

In the last decade, owing to the rapid development of multi-
objective evolutionary algorithms, an increasing number of studies has
been conducted to investigate MOO problems with different objectives
in the building industry. In this context, the research focus is on
environmental impacts and energy consumption embedded in building
materials and during building operation, as well as investment and
operational cost. Using non-dominated sorting genetic algorithm II
(NSGA-II) [4], Azari et al. [5] thoroughly investigated the synergis-
tic effects of common indicators to evaluate environmental impacts.
Herein, operational energy consumption was obtained through dy-
namic building simulation using eQuest and a subsequent machine
intelligence approach. Abdou et al. [6] identified net-zero energy
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building solutions taking into account global warming potential (GWP)
and LCC. In [7], the attention of Ciardiello et al. is directed towards
GWP, energy consumption and cost during building operation, as well
as investment cost, with geometry configuration considered as design
variables. In more recent studies, the research focus has been shifted
to occupant comfort. In [8], Gagnon et al. realized a holistic design
framework aiming at reducing carbon footprint and LCC, as well as
improving thermal comfort. Similarly, Chang et al. [9] studied trade-
offs among energy consumption, predicted discomfort, GWP, LCC and
payback period. Moreover, there has been a growing interest in visual
comfort, as well [10–12].

Despite the increasing breadth of research areas, there is still a
lack of thorough investigation on certain aspects of MOO approaches
to enhance the effectiveness of real-world decision-making processes
for a building design. One of the most important issues affecting the
reliability of optimization problem results in decision-making is the
uncertainty arising due to incomplete data or knowledge about the
accurate values of certain variables [13]. Studies have been conducted
to analytically investigate uncertainties in building geometry [7,14,15],
building materials [16–20], internal heat gain [21] and operational
energy consumption [22]. Among all, sensitivity analysis and uncer-
tainty analysis are the most widely applied methodologies. Particularly
in MOO problems, sensitivity and uncertainty analyses can both serve
as a post-results evaluation of different design decisions subject to
uncertainties. For instance, Mukkavaara and Shadram [23] applied sen-
sitivity analysis to evaluate different design decisions while weighing
the trade-offs between operational and embedded energy consumption.

However, as a tool primarily for analysis and evaluation, both
sensitivity and uncertainty analyses are constrained when directly in-
tegrating uncertainties in decision-making processes. Studies show that
it is common to utilize temporary materials as placeholders during
initial design phases while using modeling software, such as BIM [24].
As a result, arbitrary selections of these temporary materials may
result in a less substantial design aid for simulating operational en-
ergy consumption, as well as for conducting an LCIA calculation and
investment cost analysis based on the building model’s Bill of Quanti-
ties [24]. To address this issue, [25–27] developed structured life cycle
inventories with hierarchical categorization of building component
assembly possibilities. This approach enables a fast LCIA calculation
and a presentation of all possible design solutions in early design
phases. However, the wide range of possible design solutions in early
design phases could be potentially reduced to ease the actual decision-
making process. Thus, it is of interest to integrate uncertainties in
optimization processes early to effectively influence decision-making
and attain potentially more robust optimal design solutions. Hester
et al. [28] investigated the quasi-optimal region of achieving possibly
low LCIA and cost by using genetic optimization. Galimshina et al. [29]
incorporated material and environmental uncertainties into the MOO
approach using robust optimization with a surrogate-assisted Kriging
model. Subsequently, the most cost-efficient and environmental prof-
itable retrofit solutions could be achieved. Liu et al. [30] investigated
the impacts of climate uncertainties on building energy consumption
by generating climate scenarios and applying stochastic programming.
In [20], Zong et al. proposed a multi-objective stochastic optimization
framework to assist decision-making in the early design phase of build-
ing façade while considering GWP and LCC. Herein, environmental
uncertainties and uncertainty in design decisions were included in
a MOO problem through stochastic programming. Similarly, in [31],
multi-objective stochastic optimization was utilized to properly size
energy systems considering economic and environmental influences,
as well as thermal comfort. The increasing number of studies in the
building industry applying stochastic programming in MOO problems
indicates the rationale and benefits of this method when integrating
uncertainty prior to making decisions.

Another issue in the decision-making process with regard to build-
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ing design is that different design decisions of different decision stages
should be taken into account. In sustainable building planning, design
strategies can be categorized into passive and active strategies [32].
While the former focuses on improving building envelope, structure,
surfaces, geometry, orientation, etc., the latter refers to building tech-
nological measures, such as heating, ventilation, and air-conditioning
(HVAC) systems. In the past decade, many studies have been conducted
to analyze passive and active strategies [33–36]. In [37], the finding
indicates the dependency of passive and active design strategies and
suggests a holistic consideration of both strategies while investigating
energy-efficient and environmentally friendly design solutions. Accord-
ingly, in more recent studies, passive and active design strategies have
been more often integrated into MOO problems. For instance, [7]
considered active and passive strategies as design variables in the de-
fined MOO problem. However, in real-world decision-making problems
of building design, passive and active decisions are often made at
different points in time and the sequential order should be modeled
to ensure a higher reliability of the decision-making process. Some
studies used stage optimization to optimize different objectives. Hamdy
et al. [38] proposed a three-stage MOO approach to find optimal design
decisions considering trade-offs between energy consumption and cost.
However, the defined optimization stages do not correspond to real-
world decision stages. In addition, no uncertainty is mathematically
integrated into optimization problems. In [39], Xu et al. split the
optimization process into building envelope development and energy
generation system optimization. However, the optimization problem
does not consider uncertainty and the separation of design phases is
realized through manual means rather than mathematical methods,
which can lead to cumbersome implementation procedures.

1.2. The aim of the study

Mathematically, multi-stage stochastic programming can be applied
to solve optimization problems containing different decision stages
while considering uncertainty. While this method has been imple-
mented in other fields to model the decision-making process, such as
for energy system management [40,41], it still needs further inves-
tigation in building planning. Hence, this paper develops a holistic
multi-objective stochastic decision-making framework with passive and
active design strategies segmented into two stages, while considering
uncertainty. The proposed framework aims to identify the optimal
environmentally friendly and economical design strategies that can
withstand various uncertainties and thus maintain a high level of
robustness. The main focus of this study includes the followings:

• presentation of a two-stage multi-objective stochastic optimization
framework for finding the optimal robust building design solu-
tions,

• defining passive and active design strategies as two decision
stages in building planning,

• targeting at minimum life cycle environmental impact and cost in
the optimization problem,

• integration of uncertainties in the decision-making process for
early design phases through stochastic programming,

• comparison of the established framework with alternative single-
stage multi-objective stochastic optimization approaches.

2. Methodology

The methodological workflow of the presented study is illustrated in
Fig. 1. Design variables are derived from a knowledge-based database,
from which specific intermediate inputs are extracted and fed into
a machine learning model to obtain operation energy consumption.
Through the proposed two-stage multi-objective stochastic optimization
(MOSO-II) framework, the possibly most robust and optimal design solu-
tions for passive and active strategies can be obtained while considering

uncertainties.
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Fig. 1. Methodological workflow of the paper.
Fig. 2. Knowledge-based database for building materials [27].
2.1. Data basis of the study

An expert-knowledge-assisted database was created and utilized as
the foundational data source for the proposed framework, facilitat-
ing a systematic way of extracting case-specific design variables of
building materials [27,42]. As illustrated in Fig. 2, the data structure
contains levels of building component (e.g., exterior wall), building
sub-component, applicability type (e.g., wall cladding) and material.
Herein, building sub-components are defined according to the German
DIN 276 [43]. The assembly possibilities of applicability types within
each sub-component are defined based on expert knowledge from
architects and can differ for different construction types. In total, four
construction types are defined: timber, brick, reinforced concrete and
steel construction.

In the bottom layer of the database, different materials are as-
signed with relevant information, including life cycle impact assess-
ment (LCIA) unit data, thickness-related unit investment cost based
on [44,45], thermal conductivity (𝜆-value), as well as reference service
life (RSL) based on [46,47] and thickness ranges of materials for differ-
ent applicability types. The LCIA unit data are modeled based on EN-
15978 [48] and extracted from the standardized foreground database
ÖKOBAUDAT [49], published by the Federal Ministry for Housing, Ur-
ban Development and Building. Although various evaluation indicators
are included in ÖKOBAUDAT, only global warming potential (GWP)
3

is preliminarily included in the knowledge-based database to test its
feasibility. As building materials mainly contribute to the embedded
environmental impacts in the LCIA calculation procedure, the estab-
lished database contains LCIA unit data covering modules of product
(A1-A3), disposal (C3-C4) and replacement (B4) that is expressed as the
replacement frequency calculated based on the defined reference study
period and individual RSLs. In addition, to ensure the consistency in
functional units, all materials are investigated based on volume (1 m3).
Subsequently, the material thickness is determined by the thickness of
the materials that are in or transformed into 1 m2.

As for building technologies, heating, mechanical ventilation and
air-conditioning (HVAC) components are individually considered. For
instance, three components are included in heating systems: heat gen-
erator, heater and heating control system. Based on the proposed
methodology from [50,51], HVAC components are assigned with LCIA
unit data based on ÖKOBAUDAT, investment cost based on [44],
possible auxiliary components, and individual RSLs. For the LCIA unit
data, besides modules of A1-A3, C3-C4 and B4, GWP values of mod-
ule B6 indicating the CO2 emissions during operation are included.
Correspondingly, different energy prices are included as well.

2.2. Design strategies and decision stages

As aforementioned, the goal of the established two-stage multi-
objective stochastic optimization (MOSO-II) framework is to model a
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holistic two-stage decision-making process to find the possibly most ro-
bust passive and active design strategies considering trade-offs between
environmental impacts and costs. In the following, investigated design
strategies and decision stages in this paper are introduced.

As defined by [32], to achieve energy-efficient and environmentally
friendly goals, building design decisions can be classified into two
categories: passive and active strategies. Passive strategies refer to
measures without actively using additional energy input, such as the
improvement of building envelope materials, building geometry, orien-
tation, etc. In this paper, the choice of building materials is exemplarily
considered as passive design strategies. On the other hand, active
strategies refer to measures that use and produce additional energy
actively. Accordingly, HVAC systems fall into this category. While some
studies treat passive and active strategies as equally weighted variables
that are examined simultaneously, in actual decision-making processes,
passive strategies are often determined prior to active strategies. In
extreme built cases [52,53], highly functional passive design strategies
can affect active strategies such that HVAC systems are barely needed.
Thus, the sequential order of the two strategies in the decision-making
process should be modeled. In this context, the decision-making process
should be divided into two stages. The first-stage decisions are alter-
natively determined as ‘‘here-and-now’’ decisions and the second-stage
decisions are also known as ‘‘recourse’’ or ‘‘wait-and-see’’ decisions.
While the former decisions need to be made prior to knowing the
realized uncertainty parameters, the latter decisions depend on the
first-stage decisions and uncertainties [40]. In this paper, decisions in
two stages are specifically defined as follows:

• The first-stage decisions describe the passive design strategies,
i.e., the choice of building component materials and the corre-
sponding thickness.

• The second-stage decisions refer to active design strategies,
i.e., the choice of HVAC system components.

.3. Design variables and objectives

Using the described data source of this study, design variables can
e extracted systematically. Design variables for first-stage decisions
efer to building materials. Specifically, two types of variables are in-
luded: categorical and continuous variables, representing the material
hoice for each applicability type and the corresponding thickness. As
or second-stage decisions, only categorical variables are considered
or different HVAC components. It is to note that auxiliary compo-
ents, e.g., piping and tanks of heating systems, are not considered
s design variables but additional elements belonging to certain HVAC
omponents with individual RSLs.

The two targeted objectives in the optimization problem are min-
mizing total GWP throughout the whole building life cycle and life
ycle cost (LCC).

Aiming at minimizing the total GWP throughout the whole building
ife cycle,

• the stage objective of the first-stage decisions is the embedded
GWP of building materials;

• the stage objective of the second-stage decisions is the embed-
ded GWP of HVAC system components and GWP during building
operation for defined reference study period.

s for the second objective,

• the stage objective of the first-stage decisions is the investment
cost of building materials;

• the stage objective of the second-stage decisions is the invest-
ment cost of HVAC system components and energy cost during
building operation for defined reference study period.

In total, the examined life cycle phases are comprised of the modules
1-A3, B4, B6 and C3-C4.
4

.4. Uncertainty determination

In decision-making processes, especially during early planning stages
ncertainty stems from incomplete data or inadequate knowledge
egarding precise values of specific variables [13]. In this paper, two
inds of uncertainty are considered: individual/use uncertainty and
olitical/market uncertainty. The former refers to the uncertain actual
perational energy consumption despite similar active and passive de-
ign strategies. According to different studies [54,55], the distribution
f operational heating energy consumption of residential buildings
radually approaches a normal distribution as dwelling number rises,
eflecting the diversity in occupant’s sensation of thermal comfort and
ehavior of adjusting HVAC systems according to uncertain micro-
nvironmental conditions. In addition, this uncertainty is also partially
ue to the actual energy efficiency of the active systems. In the
resented study, the individual/use uncertainty is taken into account
n obtaining operational energy consumption through a machine as-
istance approach (see 2.5) given inputs of thermal transmittance
U-value) of building components and HVAC components.

Regarding the second uncertainty, energy prices are susceptible
o fluctuations in response to alterations in political conditions and
arket volatility. Thus, political/market uncertainty is reflected in the
ncertain inflation rate of energy prices subject to different energy
ources. It is derived from the analysis of the development of energy
rices from 2008 to the first half of 2022 in Germany, based on the data
rom the federal statistical office of Germany [56] and the statistical
ffice of the European Union Eurostat [57].

.5. Machine assistance

As module B6 is considered in the second-stage decisions, the anal-
sis of operational energy consumption is required. For this purpose, a
achine assistance approach is used. In the last decade, machine learn-

ng approaches have been widely used to estimate operational energy
onsumption given specific inputs in order to reduce the computational
ffort of dynamic building simulations [58]. In this study, we use the
achine learning approach used in the previously established machine

ssistance framework from [59].
Using the Natural Gradient Boosting (NGBoost) algorithm [60],

he machine assistance approach offers a nervous-inspired uncertainty
uantification pipeline to pinpoint probabilistic relationships within
ata-driven behavior through surrogate modeling. To effectively incor-
orate uncertainties into surrogate modeling, probabilistic regression is
tilized given its capacity to produce a comprehensive distribution over
he outcome space, conditioned on the inputs. This multi-parameter
oosting algorithm extends the gradient boosting framework to facil-
tate probabilistic regression by treating the parameters of the condi-
ional distribution as target variables. In contrast to point prediction,
hich involves comparing observed data using a loss function, proba-
ilistic regression employs a scoring rule (e.g., negative log-likelihood)
s its objective. It compares the estimated probability distribution to the
bserved data for validation purposes and identifies the uncertainties
n a dataset.

For the dataset, we use the real-world, open-sourced Energy Per-
ormance of Buildings Data: England and Wales [61]. The domestic
nergy performance certificate (EPC) is chosen as it contains a building
eature dataset with representative properties of a building that are
elevant in the early stages, such as conceptual design parameters,
ncluding geometry, building component properties, and energy system
escription. In this study, the dataset is used for a rough estimation of
perational energy consumption in geographical areas with the same
öppen-Geiger climate classification of ‘‘Cfb’’ [62,63].

With the machine assistance approach, the total operational pri-
ary energy consumption of an entire housing unit is obtained given

he previously mentioned design variables of active and passive de-
ign strategies. This includes HVAC components and the U-value of
nvestigated building components, which is calculated based on mate-
ial choices for investigated applicability types and the corresponding
hickness.
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2.6. Two-stage multi-objective stochastic optimization

The established MOSO-II framework is based on stochastic pro-
gramming to model uncertainties. Generally, a stochastic programming
model can be presented as follows:

min
𝑥∈𝑋,𝑋∈R𝑚 ,𝜉∈R𝑛

{

𝐹 (𝑥) ∶= E𝑃 [𝑓 (𝑥, 𝜉)]
}

(1)

where 𝐹 (𝑥) is the expected value (EV) function of the problem cor-
responding to the true value function 𝑓 (𝑥, 𝜉) containing the random
vector 𝜉 representing the uncertainty parameter [64]. It is to note that
the probability distribution 𝑃 of each random vector 𝜉 should be priorly
known. In problems with discrete interpretation, i.e., discrete scenarios
with the corresponding probabilities, the EV function can be formed as:

E𝑃 [𝑓 (𝑥, 𝜉)] =
𝑁
∑

𝑘=1
𝑝𝑘𝑓 (𝑥, 𝜉𝑘). (2)

where 𝜉𝑘 represents the uncertainty parameter in the 𝑘𝑡ℎ scenario
with the corresponding probability 𝑝𝑘. Scenarios and corresponding
probabilities are to be predefined, for instance, based on analytical
studies of historical data.

However, when the scenario generation becomes relatively complex
and in order to reduce the computational effort of applying Eq. (2),
the approximated true value can be obtained using the exterior Monte
Carlo (MC) sampling approach [64]. By drawing 𝑁 pseudo-random
samples of 𝜉𝑘 from a known probability distribution function (PDF) 𝑃 ,
the EV function of Eq. (1) can be approximated using Eq. (3):

min
𝑥∈𝑋,𝑋∈R𝑚 ,𝜉∈R𝑛

{

𝐹𝑁 (𝑥) ∶= 1
𝑁

𝑁
∑

𝑘=1
𝑓 (𝑥, 𝜉𝑘)

}

(3)

which is called the sample average approximation (SAA) approach [64,
65]. According to the Law of Large Numbers, 𝐹𝑁 (𝑥) in Eq. (3) can
approximate 𝐹𝑥 in Eq. (1) if 𝑁 is infinitely close to ∞ [64]. Based on
the results of previous work [20], the sample size 𝑁 is determined as
1000 in this paper to reduce the computational cost while achieving a
possibly satisfactory approximation.

In this work, depending on different uncertainty parameters, Eq. (2)
and Eq. (3) are selectively applied such that a stochastic programming
problem can be transformed into a deterministic optimization problem
and be solved.

When integrating two-stage decisions in stochastic programming,
the model is denoted as [66]:

min
𝑥∈𝑋

𝐶⊤𝑥 + E𝑃 [𝑄(𝑥, 𝜉)] (4)

through which the decision-making process is divided into two stages.
While the whole decision-making process is optimized holistically, the
second-stage decision is influenced by the first-stage decision. 𝐶⊤𝑥
epresents the first-stage decision process and E𝑃 [𝑄(𝑥, 𝜉)] represents

the second-stage decision. Herein, 𝑄(𝑥, 𝜉) is the optimization problem,
where 𝑥 corresponds to the design variable derived from first-stage
decisions, and 𝜉 represents the uncertainty parameter. It is defined as
follows:
𝑄(𝑥, 𝜉) = min

𝑦
𝑞(𝜉)⊤𝑦

𝑠.𝑡. 𝑊 (𝜉)𝑦 + 𝑇 (𝜉)𝑥 ≤ 𝑠(𝜉)
(5)

here 𝑦 stands for the design variable of the second-stage decisions.
In the context of this work, based on the afore-defined passive and

ctive design strategies as well as decision stages for buildings, the
OSO-II problem is denoted as:

min
𝑦∈𝑌 ,𝜉∈R

𝑁
∑

𝑖=1
𝐺𝑐 (𝑘𝑖) + E𝑃 [

𝐽
∑

𝑗=1
𝐺𝑜𝑒(𝑦𝑗 ) + 𝐺𝑜(𝑦, 𝑢(𝑘𝑖), 𝜉𝑜)]

min
𝑦∈𝑌 ,𝜉∈R

𝑁
∑

𝑖=1
𝐶𝑐 (𝑘𝑖) + E𝑃 [

𝐽
∑

𝑗=1
𝐶𝑜𝑒(𝑦𝑗 ) + 𝐶𝑜(𝑦, 𝑢(𝑘𝑖), 𝜉𝑐 , 𝜉𝑜)]

(6)
5

𝑠.𝑡. 𝑢(𝑘𝑖) ≤ 𝑈
where 𝐺𝑐 stands for embedded GWP of building materials representing
the first-stage decisions. 𝑘𝑖 is the variable set of the 𝑖𝑡ℎ building
component containing the categorical design variable 𝑥𝑚 and the con-
tinuous design variable 𝑑𝑚, representing the material choice and the
corresponding thickness of the applicability type in the 𝑚𝑡ℎ order, as
shown in equation decomposition in Eq. (8) and Eq. (9).

As for the active strategies, i.e., second-stage decisions, the ex-
pected value function of the true value functions 𝐺𝑜𝑒 and 𝐺𝑜 are
defined. 𝐺𝑜𝑒 represents embedded GWP of HVAC system components,
whilst 𝐺𝑜 represents the GWP during building operation. Herein, 𝑦𝑗
is the categorical variable referring to the investigated HVAC compo-
nents. Uncertainty parameters of operational energy and energy price
are expressed as 𝜉𝑜 and 𝜉𝑐 , respectively.

In addition, 𝑢(𝑘𝑖) is the cumulative U-value of each building compo-
nent and is constrained by the predefined value according to different
energy standards. Within the framework of this work, the German
Building Energy Act (GEG) and Nearly Zero Energy Building (NZEB)
standard are considered. Correspondingly, the constrained U-value of
exterior walls for the two standards is 0.21 and 0.18 W/m2K, respec-
tively. Specifically, the U-value of each building component is obtained
through the thermal resistance (R-value) of each material of the re-
spective applicability type, which is calculated through 𝑑𝑚

𝑙𝑚𝑑(𝑥𝑚)
, with

𝑚𝑑 representing the 𝜆-value of the investigated materials. Accordingly,
(𝑘𝑖) can be calculated as follows:

(𝑘𝑖) =
1

𝑅𝑠𝑒 +
∑𝑀

𝑚=1
𝑑𝑚

𝑙𝑚𝑑(𝑥𝑚)
+ 𝑅𝑠𝑖

, 𝑥 ∈ 𝑋, 𝑑 ∈ 𝐷 (7)

The second function in Eq. (6) is defined in a similar manner. 𝐶𝑐
refers to the investment cost of building materials, while 𝐶𝑜𝑒 and 𝐶𝑜
stand for investment and operational cost of HVAC systems, respec-
tively.

In detail, the equation decomposition of functions in Eq. (6) is
shown below. For first-stage decisions, the calculation of the GWP of
building materials is shown in Eq. (8):

𝐺𝑐 (𝑘𝑖) = 𝐴𝑖 ⋅
𝑀
∑

𝑚=1
𝑔𝑒(𝑥𝑚) ⋅ 𝑑𝑚 ⋅

𝑡
𝑙(𝑥𝑚)

, 𝑥 ∈ 𝑋, 𝑑 ∈ 𝐷 (8)

where 𝑔𝑒 is the unit embedded GWP value of each material 𝑥𝑚 of the
𝑚𝑡ℎ applicability type and is expressed as a function of it. The unit LCIA
value of embedded GWP is multiplied with the corresponding thickness
𝑑𝑚 of the material and the frequency of replacement, which is denoted
as 𝑡

𝑙(𝑥𝑚)
. Herein, 𝑡 is the reference study period and 𝑙 is the RSL of each

material. While applicability types are the categorical design variables,
the corresponding thickness is the continuous variable. Subsequently,
the embedded GWP of all applicability types in the investigated build-
ing component are summed up and multiplied with the area of the
building component 𝐴𝑖. Similarly, the cost of passive design strategies
is calculated as shown in Eq. (9). Instead of the unit embedded GWP
value, the unit investment cost value 𝑐𝑒 is utilized.

𝐶𝑐 (𝑘𝑖) = 𝐴𝑖 ⋅
𝑀
∑

𝑚=1
𝑐𝑒(𝑥𝑚, 𝑑𝑚) ⋅ 𝑑𝑚 ⋅

𝑡
𝑙(𝑥𝑚)

, 𝑥 ∈ 𝑋, 𝑑 ∈ 𝐷 (9)

For the embedded GWP of HVAC components of the second-stage
decisions, as shown in Eq. (10), two parts are taken into account: the
main component 𝑦𝑗 and the case-specific auxiliary components 𝑎(𝑦𝑗 )
depending on different systems. For instance, the heating system incor-
porates a liquid petroleum gas (LPG) tank, with the main component
being an LPG-driven boiler.

𝐺𝑜𝑒(𝑦𝑗 ) = 𝑔𝑒(𝑦𝑗 ) ⋅
𝑡

𝑙(𝑦𝑗 )
+ 𝑔𝑒(𝑎(𝑦𝑗 )) ⋅

𝑡
𝑙(𝑎(𝑦𝑗 ))

, 𝑦 ∈ 𝑌 (10)

To calculate the GWP during the operational phase with active
design strategies, operational energy 𝑂, in which the individual/use
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Fig. 3. Workflow of the MOSO-II framework.

uncertainty 𝜉𝑜 is contained, is obtained as an output from the machine
ssistance model. This is achieved by providing inputs of the HVAC
omponent set 𝑦 and the U-value of the specific building component
(𝑘𝑖). Since use energy is required to match the unit GWP value from the
nowledge-based database [27,49], the obtained primary energy con-
umption from the machine learning model is additionally converted
o use energy by being divided by the system efficiency factor of each
oiler according to DIN V-4701-10 [67]. Herein, it is assumed that
2.8% refers to heating based on [68]. Accordingly, the operational
WP is denoted as Eq. (11):

𝑜(𝑦, 𝑢(𝑘𝑖), 𝜉𝑜) = 𝑔𝑜(𝑦) ⋅ 𝑂(𝑦, 𝑢(𝑘𝑖), 𝜉𝑜) ⋅ 𝑡 ⋅ 𝐴𝑓 , 𝑦 ∈ 𝑌 (11)

where 𝑔𝑜 is the unit GWP value during operation, 𝑡 is the reference
study period and 𝐴𝑓 represents the floor area. As for the calculation of
LCC of active strategies, the calculation of investment and operational
cost of HVAC systems is shown in Eq. (12) and Eq. (13), respectively.
In the calculation of operational cost, uncertainty scenarios of energy
prices 𝜉𝑐 are included additionally.

𝐶𝑜𝑒(𝑦𝑗 ) = 𝑐𝑒(𝑦𝑗 ) ⋅
𝑡

𝑙(𝑦𝑗 )
+ 𝑐𝑒(𝑎(𝑦𝑗 )) ⋅

𝑡
𝑙(𝑎(𝑦𝑗 ))

, 𝑦 ∈ 𝑌 (12)

𝐶𝑜(𝑦, 𝑢(𝑘𝑖), 𝜉𝑜) = 𝑐𝑜(𝑦, 𝜉𝑐 ) ⋅ 𝑂(𝑦, 𝑢(𝑘𝑖), 𝜉𝑜) ⋅ 𝑡 ⋅ 𝐴𝑓 , 𝑦 ∈ 𝑌 (13)

The established MOSO-II framework is based on a multi-objective
genetic algorithm, non-dominated sorting genetic algorithm II (NSGA-
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II) [4]. In this paper, the NSGA-II is realized through a Python-based f
package 𝑝𝑦𝑚𝑜𝑜 [69]. The determination of the important parameters
is according to the initial settings of NSGA-II in [4] and our previous
study [20]. Specifically, simulated binary crossover (SBX) and polyno-
mial mutation (PLM) operators are defined as search parameters, with
a crowding degree of 15 and 20, respectively. The probability is set as
0.9. The population size is defined as 100, while the generation size
is case-specifically determined by the attainment of the convergence
of the hypervolume (HV) performance indicator and the convergence
of objective values. Subsequently, the termination criterion of the opti-
mization is indicated by the generation size. In addition, since required
ranges of thickness 𝑑𝑚 can be different for different materials even
when being integrated for the same applicability type, upper and lower
dead bands of 𝑑𝑚 can be individually defined for each material by using
the 𝑅𝑒𝑝𝑎𝑖𝑟 function in 𝑝𝑦𝑚𝑜𝑜 [69].

Overall, the workflow of the established MOSO-II framework is
presented in Fig. 3 and Algorithm 1. Due to the random nature of
genetic algorithms and the randomly drawn samples 𝜉𝑘 in the problem
(3) when using different seeds, the optimization process should be run
multiple times to obtain the approximated Pareto front. In this work,
the optimization process is run five times for each case.

Algorithm 1: Algorithm of MOSO-II framework
Input: Initial value of {𝒙,𝒅, 𝒚}, 𝐴, ℎ
Output: Pareto-optimal solutions of {𝒙,𝒅, 𝒚}

1 for 𝑖 = 1 ∶ 𝑁𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 do
2 𝑢𝑤 ← 𝑈𝑤𝑎𝑙𝑙(𝒙,𝒅);
3 𝑢𝑐 ← 𝑈𝑐𝑒𝑖𝑙𝑖𝑛𝑔(𝒙,𝒅);
4 𝑒 ← 𝑁𝐺𝐵𝑜𝑜𝑠𝑡(𝑢𝑤, 𝑢𝑐 , 𝒚, 𝐴, ℎ);
5 {𝒙,𝒅, 𝒚} ← 𝑁𝑆𝐺𝐴2(𝒙,𝒅, 𝒚, 𝐴, ℎ, 𝑒);
6 end

2.7. Comparative analysis with single-stage multi-objective stochastic opti-
mization

For a comparative study and performance validation, the proposed
MOSO-II framework is compared with alternative single stage multi-
objective optimization (MOSO) frameworks, as established in previous
work [20]. Within the single stage MOSO frameworks, two compar-
ative optimization problems are defined. In the first comparative op-
timization problem (single-stage MOSO framework-1), GWP and cost
are optimized separately in embedded and operational forms. The
optimization problem thus aims at minimizing (i) embedded GWP and
(ii) investment cost of all components of passive and active strategies,
as well as (iii) operational GWP and (iv) operational cost, as shown
in Eq. (14):

min
𝑦∈𝑌

𝑁
∑

𝑖=1
𝐺𝑐 (𝑘𝑖) +

𝐽
∑

𝑗=1
𝐺𝑜𝑒(𝑦𝑗 )

min
𝑦∈𝑌

𝑁
∑

𝑖=1
𝐶𝑐 (𝑘𝑖) +

𝐽
∑

𝑗=1
𝐶𝑜𝑒(𝑦𝑗 )

min
𝑦∈𝑌 ,𝜉∈R

E𝑃 [𝐺𝑜(𝑦, 𝑢(𝑘𝑖), 𝜉𝑜)]

min
𝑦∈𝑌 ,𝜉∈R

E𝑃 [𝐶𝑜(𝑦, 𝑢(𝑘𝑖), 𝜉𝑐 , 𝜉𝑜)]

𝑠.𝑡. 𝑢(𝑘𝑖) ≤ 𝑈

(14)

rom top to bottom, the objective functions represent, in order, embed-
ed GWP, investment cost, operational GWP and operational cost.

In the second case with single-stage MOSO framework-2, active and
assive decisions are separately, i.e., parallelly optimized, resulting in

our objectives representing the separately investigated objectives, as
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Table 1
Overview of the proposed two-stage MOSO-II framework and investigated cases of using different alternative MOSO frameworks.
Framework Equation Description

Two-stage MOSO-II framework (6) Holistic consideration of passive and active design strategies as two-stage decisions
Single-stage MOSO framework-1 (14) Separate consideration of embedded and operational values in one single stage
Single-stage MOSO framework-2 (15) Separate consideration of passive and active design strategies in one single stage
shown in Eq. (15):

min
𝑦∈𝑌

𝑁
∑

𝑖=1
𝐺𝑐 (𝑘𝑖)

min
𝑦∈𝑌

𝑁
∑

𝑖=1
𝐶𝑐 (𝑘𝑖)

min
𝑦∈𝑌 ,𝜉∈R

E𝑃 [
𝐽
∑

𝑗=1
𝐺𝑜𝑒(𝑦𝑗 ) + 𝐺𝑜(𝑦, 𝑢(𝑘𝑖), 𝜉𝑜)]

min
𝑦∈𝑌 ,𝜉∈R

E𝑃 [
𝐽
∑

𝑗=1
𝐶𝑜𝑒(𝑦𝑗 ) + 𝐶𝑜(𝑦, 𝑢(𝑘𝑖), 𝜉𝑐 , 𝜉𝑜)]

𝑠.𝑡. 𝑢(𝑘𝑖) ≤ 𝑈

(15)

from top to bottom, the objective functions represent the following in
order: GWP associated with passive strategies, investment cost of pas-
sive strategies, GWP of active strategies and operational cost associated
with active strategies.

The proposed MOSO-II framework and the two alternative frame-
works are summarized in Table 1. Through the comparison of opti-
mization results we can demonstrate the superiority and necessity of
the established MOSO-II framework.

3. Case study

3.1. Description of the generic zone

Due to the increasing attention to large-scale sustainable building
planning in districts and cities, it is important to analyze typical thermal
zones within buildings as smaller units, so that the computational
effort of the analysis and optimization of large-scale sustainable urban
planning can be potentially reduced. Thus, as a proof of concept, a
generic zone of a multi-family residential building is created, so that
it can be implemented in the future optimization of large-scale urban
planning. As shown in Fig. 4, the generic zone possesses one exterior
façade and is adiabatic from other interior zones. The single-sided
apartment has a floor area 𝐴𝑓 of 50 m2 and a clear floor height of
2.5 m. For effective and sufficient single-sided natural ventilation, the
floor depth is defined as 2.5 times of the clear floor height, i.e., 6.25 m.
In addition, for performing the life cycle impact assessment (LCIA) and
life cycle cost (LCC) analysis, the reference study period is defined
as 60 years representing the expected life span of the building based
on [70,71].

3.2. Description of the machine learning model

To ensure a good performance of the machine learning model,
we carefully process the target dataset with the steps conducted in
the previous research [59]. The original domestic Energy performance
certificate (EPC) dataset is filtered to exclude unnecessary uncertainties
and data noise. For this purpose, building samples in the dataset are
only limited to flat buildings in a mid-terrace form, built after 2014.
In addition, the dataset is filtered based on the 95th percentile of
all building samples regarding total operational energy consumption.
Table 2 provides an overview of all filtered value range constraints.

To ensure that all information is properly recognized by the data-
driven model, we use the label-encoder to pre-process all categori-
7

cal features in Table 3. As for the model training process, we kept
Fig. 4. Graphical illustration of the generic zone.

Table 2
Value range constraints of the features for the machine learning model.
Feature Value range Unit

Construction year 2014–2022 –
Building type Flat –
Zone position mid-terrace –
Floor area 29–83 m2

Floor height 2.35–2.8 m

Table 3
Features for the machine learning model.
Feature Unit

Floor area m2

Floor height m
U-value wall W/(m2K)
U-value ceiling/floor W/(m2K)
Heat generator - (categorical)
Heater - (categorical)
Heating control system - (categorical)

the model setting (NGBoost) for the scoring method (negative log-
likelihood), distribution (Gaussian distribution) and base learner (Deci-
sion Tree Regressor). We fine-tuned the max depth of the base learner
to 5 to ensure the best fit for the dataset. In addition, the number of
estimators is defined as 1350. The dataset is split into training/test sets
in 80/20 proportion, where the model is fitted in the training set and
its performance is evaluated on the test set.

3.3. Passive strategy: building materials

In the case study, exterior wall and interior ceiling of the solid
brick construction type are observed as passive strategies. Specifi-
cally, the double-shell construction with structural and facing bricks
is investigated, as this construction type is commonly applicable in
different geographical contexts, in this study in Germany and the
United Kingdom. The corresponding applicability types are derived
from the knowledge-based database and summarized in Tables 4 and
5 for the two building components. The material choice of individual
applicability types and their corresponding thickness are included as
categorical and continuous design variables. Detailed information can
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Table 4
Investigated applicability types and thickness as design variables for exterior
wall.
Design variable Variable type

Facing brick categorical
Insulated substructure (insulation) categorical
Insulated substructure (steel) categorical
Masonry unit categorical
Mortar categorical
Finish categorical
Plaster categorical
Thickness Brick façade continuous
Thickness Insulated substructure (insulation) continuous
Thickness Insulated substructure (steel) continuous
Thickness Masonry unit continuous
Thickness Mortar continuous
Thickness Finish continuous
Thickness Plaster continuous

Table 5
Investigated applicability types and thickness as design variables for
interior ceiling.
Design variable Variable type

Flooring categorical
Insulation hard categorical
Screed categorical
Reinforced concrete categorical
Finish categorical
plaster categorical
Thickness Flooring continuous
Thickness Insulation hard continuous
Thickness Screed continuous
Thickness Reinforced concrete continuous
Thickness Finish continuous
Thickness Plaster continuous

be found in the supplementary material. As previously mentioned in
2.6, the thickness of different materials for the same applicability type
can vary. The upper and lower bands of material thickness are therefore
differentiated accordingly.

3.4. Active strategy: heating system

Within the scope of the case study, the investigated active design
strategy is the heating system, as shown in Table 6. Accordingly, the
investigated components include: heat generator, heater and heating
control. Based on the dataset for training the machine learning model,
five heat generators are included: air source heat pump, liquefied
petroleum gas (LPG) boiler, electric boiler, mains gas boiler and ground
source heat pump. As shown in Table 6, LPG tank and pipework are
included as auxiliary components for LPG boiler and ground source
heat pump, respectively. In addition, radiator and underfloor heating
system are the investigated two heater types. As for the heating control
system, five systems are included based on the dataset for training the
machine learning model.

As for converting the obtained primary energy consumption to use
energy consumption in the global warming potential (GWP) calcula-
tion, the system efficiency factors of the investigated heat generators
according to DIN V-4701-10 [67] are applied and summarized in
Table 7. By being divided by the respective system efficiency factor,
the obtained primary energy consumption of different heating systems
is converted to use energy.

3.5. Quantification of uncertainty parameters and scenario generation

As previously mentioned, the individual/use uncertainty is repre-
sented as the uncertain operational heating energy consumption and
realized through the machine assistance approach. For this purpose, the
8

usage of the machine learning algorithm NGBoost enables the proba-
bilistic regression to capture the uncertainties. It means that the model
learns the relationship between input and output as a distribution
mapping. The range of the distribution reflects the fuzziness existing in
the information carried within data that describe the target building.
These are factors that affect the output but fail in being captured in
the input data, or are inaccessible during the building design phase,
e.g., different user behaviors, micro-climate conditions, or the actual
energy efficiency of the systems. In this context, the defined Gaus-
sian distribution reflects the distribution of operational heating energy
consumption in residential buildings, which is supported by previous
statistical studies described in 2.4. As NGBoost returns the distribution
object with specific parameters, the probability distribution function
(PDF) is known. Accordingly, the individual/use uncertainty is included
in the MOSO-II framework using Eq. (3).

As for the political/market uncertainty, three scenarios of energy
price inflation subject to different energy sources are generated based
on the analysis of energy price development from 2008 to the first
half of 2022 in Germany. As shown in Table 8, the inflation rates are
determined based on the annual average price change rate compared
to the previous year. While the low and high inflation rates represent
the extreme cases, the moderate inflation rate is the average rate
excluding the extreme inflation rates during the last 15 years. It is to
mention that the prices of natural gas and electricity are based on the
average consumer price of two annual consumption groups from [57],
representing an annual consumption of lower than 50,000 kWh.

Through the analysis, it can be observed that the energy price of
natural gas has remained relatively stable over the past 15 years despite
the annual inflation, while the prices of other two energy sources have
followed the usual annual inflation rate. This stability in the price of
natural gas tend to explain the high dependency of Germany on natural
gas over other energy sources. This also indirectly explains the shock
and difficulty of many in the first half of 2022 in response to the sharp
increase in natural gas prices, due to the impact of the Russia-Ukraine
crisis. On the other hand, it is to mention that no steady increase in
the average electricity price can be observed in the first half of 2022 in
Germany. This is due to the fact that the high inflation rate in electricity
price is partially mitigated by relief measures, such as elimination of
the Renewable Energy Sources Act (EEG) surcharge in Germany [72].
Accordingly, the change rate indicating the high inflation scenario in
the table does not stem from the first half of 2022, but from 2013.
Subsequently, with the initial price of 2022 and the three scenarios
of energy prices, the political/market uncertainty is included in the
MOSO-II framework using Eq. (2).

4. Results

4.1. Performance of the machine learning model

The result from the machine learning model demonstrates a promis-
ing performance based on the applied assessment criteria. The coeffi-
cient of determination (R2) reached during the validation is 0.89, which
shows that about 90% of the variance of the studied dependent variable
can be explained by the variance of the independent variable. The
Root-Mean-Square Error (RMSE) remains at approximately 17.3. Also,
since the NGBoost gives the deterministic result and a distribution, we
observed a good prediction interval with 95% confidence coverage to
the ground-truth values as shown in Fig. 5.

4.2. Termination criterion

As previously mentioned, the termination criterion of the investi-
gated frameworks is case-specifically defined by the generation size,
i.e., the number of iterations of the applied algorithm NSGA-II, based on
the convergence of hypervolume (HV) and the convergence of objective
values. Fig. 6 shows the convergence of both objective values and HV
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Table 6
Design variables of heating systems in active design strategies.

Design variable Parameter set Global warming potential (GWP) RSL Investment cost

A1-A3 C2 C3 C4 B6
[kg CO2-eq. [kg CO2-eq. [kg CO2-eq. [kg CO2-eq. [kg CO2-eq.
/pcs.] /pcs.] /pcs.] /pcs.] /kWh] [a] [e]

Heat generator Air source heat pump 393.00 1.54 4.35 0.03 0.17 20.00 19498.63
Boiler (LPG) 753.50 1.29 21.82 1.58 0.25 20.00 5189.16
Boiler (electric) 14.74 0.03 4.92 0.00 0.53 15.00 920.49
Boiler (mains gas) 753.50 1.29 21.82 1.58 0.25 20.00 5189.16
Ground source heat pump 393.00 1.54 4.35 0.03 0.12 20.00 19713.65

Heater Radiator 450.23 1.02 0.08 – – 30.00 1951.29
Underfloor heating 256.14 0.41 221.54 – – 30.00 1691.55

Auxiliary component LPG tank 1720.00 5.33 0.43 – – 18.00 1500.00
Pipework (GSHP) 726.20 – – – – 20.00 –

Heating control Programmer and at least two room thermostats
Programmer and room thermostat
Programmer, room thermostat and thermostatic radiator valve (TRVs)
Room tthermostat only
Time and temperature zone control
Fig. 5. Results of machine learning model: (a) relationship between measured and predicted primary energy consumption, (b) relationship between measured and predicted mean
and extreme primary energy consumption.
Table 7
System efficiency factor of each boiler according to DIN V-4701-10
[67].
Heat generator System efficiency

factor

Air source heat pump 0.37
Boiler (LPG) 1.05
Boiler (electric) 1.00
Boiler (mains gas) 1.05
Ground source heat pump 0.27

value during one exemplary run of the two-stage MOSO-II framework,
which is subject to the constraints of thermal transmittance (U-values)
imposed by Nearly Zero Energy Building (NZEB) and German Build-
ing Energy Act (GEG), respectively. The optimization process is well
illustrated in the figure: starting from a population size of 100, the
population size increased in steps of 100 during the iteration. It can
be observed in Fig. 6(a) that the objective values decline substantially
during the first 15,000 function evaluations, i.e., 150 generations, and
gradually stabilizes by the 200th generation. Similarly, in Fig. 6(b),
a significant increase can be seen during the first 150 generations,
followed by a gradual stabilization starting from the 200th generation.
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Based on the convergence results and to ensure a certain degree of
fault tolerance when generating random numbers with different seeds,
the termination criterion of the applied algorithm within the two-stage
MOSO-II framework is determined as 300 iterations, i.e., a generation
size of 300. In a comparable way, the termination criteria of the
other two cases with different single-stage MOSO frameworks are also
defined.

4.3. Optimization results

With the proposed two-stage MOSO-II framework, multiple itera-
tions yield approximated Pareto fronts for the studied case described
in 3. The obtained Pareto fronts are constrained by GEG and NZEB
requirements, respectively. In general, when compared to alternative
single-stage MOSO frameworks, the two-stage MOSO-II framework deliv-
ers a smaller number of Pareto-optimal solutions and is more compact.
Specifically, while the number of Pareto-optimal points from single-
stage MOSO frameworks is always 100, which corresponds to the
population size, the average number of Pareto-optimal points from the
two-stage MOSO-II framework is 10 when constrained by NZEB and 18
when constrained by GEG. Since the targeted objectives are different
in the frameworks, it is hard to intuitively compare the Pareto fronts.
For example, as shown in Eq. (14) and Eq. (15), the two single-stage

MOSO frameworks each have four objectives, which is not easy to
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Table 8
Scenarios of energy price with different energy sources based on analysis of the development of energy prices from [56,57].

Price 2022 Low inflation Moderate inflation High inflation
[e/kWh] Change rate Probability Change rate Probability Change rate Probability

Electricity 0.314 −2.19% 6.67% 2.76% 86.67% 10.90% 6.67%
Liquefied Petroleum Gas 0.137 −18.06% 6.67% 3.03% 86.67% 30.67% 6.67%
Natural gas 0.097 −7.22% 13.33% −0.20% 80.00% 25.85% 6.67%
Fig. 6. Results of convergence during one exemplary run of the MOSO-II framework: (a) convergence of objective values of the case constrained by NZEB, (b) convergence of
hypervolume (HV) of the case constrained by GEG.
visualize. Thus, in order to provide an initial assessment of the perfor-
mance of the frameworks and to examine the optimized results of all
stages, regardless of how the objectives were initially formulated, the
cumulative costs and global warming potential (GWP) were aggregated,
respectively. In this way, the four-dimensional optimization results of
the single-stage MOSO frameworks are illustrated in a two-dimensional
manner and the cumulative GWP and cost from all decision stages can
be obtained. Fig. 7 demonstrates the comparison when subjected to the
constraint of the GEG requirement. It is to note that the blue points for
both single-stage MOSO frameworks are the obtained Pareto-optimal
points from all iterations that are illustrated in a two-dimensional
way. For instance, in 7(a), the optimization results of embedded and
operational GWP are aggregated and the optimization results of in-
vestment and operational cost are aggregated. It can be observed that
the results from the two-stage MOSO-II framework outperform those of
the other two single-stage MOSO frameworks by being closer to the
origin, indicating lower objective values. Moreover, it can be seen that
the results of the single-stage MOSO framework-1 exhibit a larger span
compared to the other two frameworks. Similar results can also be
observed when constrained by the NZEB requirement. As a result, it
is evident that a holistic consideration of passive and active design
strategies as two-stage decisions leads to a lower objective value of the
total GWP and cost within a more confined range.

When analyzing the derived passive and active optimal solutions,
statistical analysis is performed (see the ‘‘Top ten common variable
combination through investigated frameworks’’ in the supplementary
material). It can be observed that certain design variables remain
relatively unaffected by different frameworks and remains consistent.
For example, underfloor heating is observed as the optimal heater type
over radiators in almost all design solution sets. Regarding the obtained
optimal heat generator, mains gas boiler is the sole solution for both the
two-stage MOSO-II framework and single-stage MOSO framework-2 under
both GEG and NZEB constraints, while the electricity-driven boiler
emerges as the most prevalent option derived from single-stage MOSO
framework-1.

On the other hand, some design variables exhibit considerable
iversity. The most varying variables include insulated substructure
insulation), masonry unit, flooring, insulation hard and heating con-
rol system. Figs. 8–10 exemplarily show the statistical overview of
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the obtained Pareto-optimal design solutions of insulated substructure
(insulation), masonry unit and heating control system, constrained by
the NZEB requirement. Overall, in the two-stage MOSO-II framework, it
is evident that there is a decrease in the total count of optimal solu-
tions, as well as a notable difference in the most frequently occurring
solutions compared to those derived from the other two frameworks.
As Fig. 8 demonstrates, rock wool insulation in low density range and
flax fleece are the two most commonly appearing optimal solutions for
exterior wall insulation. However, while the prevalence of rock wool
insulation in low density range remains dominant in both single-stage
MOSO frameworks, flax fleece is the most frequently appearing option
obtained from the two-stage MOSO-II framework. Comparably, despite
the general dominance of concrete masonry bricks in all Pareto-optimal
solution sets, lightweight concrete block from 100% natural pumice is
leading regarding the frequency of occurrence in the two-stage MOSO-II
framework. As for the two alternative frameworks, lightweight masonry
blocks from natural aggregates (solid brick light) is the most prevalent
option (see Fig. 9). As for active strategies, the heating control system is
the most varying variable, where ‘‘time and temperature zone control’’
and ‘‘room thermostat only’’ are the two dominating options.

Similarly, the continuous variables representing material thickness
demonstrate variability in certain cases while remaining constant in
others. Among all, the insulation of insulated substructure and masonry
unit of exterior wall have the most varying thickness due to their
predominant contribution to the U-value of the exterior wall. Table 9
and Fig. 11 show the comparison of the obtained thicknesses of the
aforementioned two applicability types within different frameworks.
Overall, it can be observed that the thickness range of the materials
is reduced within the two-stage MOSO-II framework, while the mean
value does not significantly vary. It indicates a better performance
of the proposed two-stage MOSO-II framework in also narrowing down
the range of continuous variables. In addition, generally greater thick-
ness can be seen in exterior wall insulation when constrained by the
NZEB requirement, which reveals the influence of a higher standard
of U-value on the results and proves the plausibility of the obtained
results.

4.4. Performance validation of pareto-optimal design solutions

Since the objectives’ expected values (EV) are optimized through
stochastic programming, the actual GWP and cost subjected to the
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Fig. 7. The total GWP and cost of all decision stages based on all the obtained optimal expected values (EV) of the two-stage MOSO-II framework, constrained by the GEG
requirement, compared with: (a) single-stage MOSO framework-1, (b) single-stage MOSO framework-2.
Fig. 8. Statistical overview of Pareto-optimal design solutions of insulated substructure (insulation), constrained by the NZEB requirement, from: (a) single-stage MOSO framework-1,
(b) single-stage MOSO framework-2, (c) two-stage MOSO-II framework.
ultimately realized uncertainty parameters can be higher or lower than
the obtained objective values. Thus, to further validate the performance
of the proposed two-stage MOSO-II framework, a Monte Carlo approach
is applied to present different outcomes under various uncertainty
parameters. By randomly drawing samples of uncertainty parameters
50 times, performance validation results of the Pareto-optimal design
solutions are obtained.

Fig. 12 shows the comparison of the performance validation results
of Pareto-optimal design solutions from different frameworks, focusing
specifically on GWP. Herein, results under different energy standard
constraints are also distinguished. As Fig. 12(a) shows, the mean GWP
of passive strategies is higher for the two-stage MOSO-II framework than
the other single-stage MOSO frameworks. In addition, the larger span
of the Pareto front exhibited by the single-stage MOSO framework-1 is
also evident in the performance validation. Similar findings can be
more evidently observed in the total GWP embedded in both building
materials and heating, ventilation and air-conditioning (HVAC) com-
ponents, as shown in Fig. 12(b). Despite the higher GWP embedded in
building materials and HVAC components, Fig. 12(c) exhibits that the
Pareto-optimal solutions derived from the two-stage MOSO-II framework
result in a lower and smaller range of total GWP over the reference
study period of 60 years. Accordingly, the performance of the proposed
two-stage MOSO-II framework is further validated by the capability of
11
efficiently minimizing the total GWP. Moreover, as shown in Fig. 12(d),
throughout the reference period, the embedded GWP derived from the
two-stage MOSO-II framework takes up a higher ratio on average. This
observation can be explained by a greater material amount required to
achieve a lower U-value, which leads to a reduction in the operational
heating energy consumption and consequently leads to a decrease in
the total GWP over the reference study period. It further reveals the
importance of implementing appropriate passive design strategies.

As for the validation regarding cost, in addition to the individ-
ual/use uncertainty, the political/market uncertainty has also been
considered by implementing the three inflation scenarios. Fig. 13 il-
lustrates the performance results of the obtained Pareto-optimal design
solutions. Herein, the resulted total cost throughout the reference study
period and the corresponding share of investment cost within the total
cost are shown. It is evident that the single-stage MOSO framework-1
exhibits a wider range of results and the two-stage MOSO-II framework
demonstrates its superior performance also in terms of cost. Further-
more, it is important to mention that the likelihood of scenarios with
consecutively low or high inflation occurring throughout the entire
reference study period of 60 years could be extremely low. The result
comparison presented here primarily serves as a demonstration of
the impact of different realized uncertainty parameters rather than a
realistic depiction of consecutive inflation scenarios.
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Fig. 9. Statistical overview of Pareto-optimal design solutions of masonry unit, constrained by the NZEB requirement, from: (a) single-stage MOSO framework-1, (b) single-stage
MOSO framework-2, (c) two-stage MOSO-II framework.
Fig. 10. Statistical overview of Pareto-optimal design solutions of heating control system, constrained by the NZEB requirement, from: (a) single-stage MOSO framework-1, (b)
single-stage MOSO framework-2, (c) two-stage MOSO-II framework.
5. Discussion

In the building sector, decisions towards sustainable building plan-
ning can be divided into passive and active strategies, which are
usually made at different points in time. Despite the increasing number
of studies focusing on finding optimal solutions considering trade-
offs, only limited studies expand the scope of exploration towards
different decision stages in the building industry [38,39]. Thus, this
paper presents a holistic multi-objective stochastic decision-making
framework, the two-stage MOSO-II framework, in which passive and
active design strategies are segmented into two decision stages and
12
uncertainty is considered. Aiming at minimizing total global warming
potential (GWP) throughout the entire building cycle and life cycle cost
(LCC) analysis, the proposed framework included two decision stages:
first-stage decisions refer to the passive design strategies and second-
stage decisions refer to active design strategies. Compared to [38], the
proposed approach defines optimization stages that reflect the real-
world decision stages instead of stages of conducting decision-making
approaches or frameworks.

Moreover, different from [39], the proposed framework takes un-
certainty in the decision-making process into account. Based on the
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Fig. 11. Comparison of material thicknesses of selected applicability types: (a) insulated substructure (insulation), (b) masonry unit.
Table 9
Results of the material thicknesses of selected applicability types.

Applicability type Framework GEG NZEB
(U-value with 0.21 W/m2K) (U-value with 0.18 W/m2K)

Thickness range Mean thickness Thickness range Mean thickness
[m] [m] [m] [m]

Insulated substructure Single-stage MOSO framework-1 0.11–0.18 0.15 0.10–0.20 0.15
(insulation) Single-stage MOSO framework-2 0.11–0.19 0.15 0.13–0.19 0.16

Two-stage MOSO-II framework 0.11–0.17 0.15 0.14–0.18 0.16
Masonry unit Single-stage MOSO framework-1 0.17–0.42 0.20 0.17–0.42 0.23

Single-stage MOSO framework-2 0.17–0.36 0.20 0.17–0.36 0.22
Two-stage MOSO-II framework 0.17–0.31 0.20 0.17–0.34 0.22
classification principle from previous work [20], two types of uncer-
tainty are considered in this study: individual/use uncertainty and
political/market uncertainty. The two types of uncertainty cover both
the uncertainty related to individual objects and global dynamics and
thus enrich the uncertainty catalogue of the previous work.

Through a case study of a generic zone with solid brick construction
and a heating system, the proposed two-stage MOSO-II framework is ex-
amined and compared with alternative single-stage MOSO frameworks.
Through the optimization process, a set of Pareto-optimal solutions
can be generated and serves as an optimal decision catalogue for
planners and decision-makers. Results show that the two-stage MOSO-
II framework outperforms the other two alternative frameworks in
terms of obtaining lower objective values and narrowing down the
potential solutions further to a smaller range in both categorical and
continuous variables. Accordingly, a better decision catalogue with a
smaller range of optimal solutions can be provided. This leads to a
reduced effort in choosing the proper design strategies in the early
phase of building planning. In contrast to conventional approaches of
providing all possible solutions in early design phases, as in [26,27],
the methodology proposed in this study is able to exclude irrele-
vant information regarding poorly performing design solutions to the
fullest extent possible so that decision-making in early design stages
can be possibly easier. After obtaining the optimal solutions, multi-
criteria decision-making (MCDM) strategies, as shown in the previous
study [20], can be additionally applied to rank the derived passive and
active solutions. Depending on the preference of different stakeholders,
the weighting factor of different criteria can be different, which can
influence the ranking of the optimal solutions. Subsequently, after
choosing the proper design solutions, a more reliable life cycle im-
pact assessment (LCIA) calculation can be conducted during the early
modeling process with software, such as building information modeling
(BIM).
13
Meanwhile, some insights can be provided by the obtained Pareto-
optimal solutions. For active design strategies, the heating control
system is the most varying variable, while most variables of active
design strategies have no significant change. According to the results of
this paper, mains gas boiler and floor heating are almost the sole opti-
mal solution for heat generator and heater, respectively. This choice of
heat generator is based on previous market conditions and reflects the
high dependency on natural gas in Germany in the past two decades. It
can be explained by the relatively insignificant disadvantage of natural
gas regarding GWP and its significant price advantage in terms of low
unit price and stability in price change. Hence, to reduce the depen-
dency on imported natural gas, it is important to adjust the energy
price of natural gas. On the other hand, to promote electricity as the
optimal solution for future heating source, it is important to increase
the ratio of renewable energy source in the electricity mix to further
expand its advantage in GWP. As for passive design strategies, it is to
observe that the most varying categorical design variables are insulated
substructure (insulation), masonry unit, flooring and insulation hard.
Comparably, the most varying continuous variables are the thickness
of insulated substructure (insulation) and masonry unit for exterior
wall. This reflects their predominant contribution to the U-value of the
exterior wall and, subsequently, to the operational energy consumption.
Overall, the importance of the investigated passive design strategies
can be revealed. In addition, through the performance validation of
the obtained Pareto-optimal solutions, it is to observe that a lower U-
value achieved by a larger amount of materials, which leads to higher
embedded GWP, can affect the operational energy consumption and
thus result in a reduction in the overall GWP over the whole life cycle.
This finding further emphasizes the importance of the passive strategies
in the decision-making process of sustainable building design.

Nevertheless, to explore the topic further, certain aspects of the
presented study should be expanded further. First, in this study, passive
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Fig. 12. Performance validation of the obtained Pareto-optimal design solutions from different frameworks in detailed analysis: (a) embedded GWP in building materials, (b) total
embedded GWP of both passive and active strategies, (c) total GWP over the reference study period, (d) percentage share of total embedded GWP over total GWP.
and active design strategies are represented by the material choice
of selected building components and heating systems, respectively. A
further investigation on other design strategies is required. For ex-
ample, passive strategies include thermal mass, building orientation,
structure, building geometry, window-to-wall ratio, solar protection,
etc. Accordingly, it is worth implementing the proposed approach in
diverse building contexts with more than one zone and investigating
various variables of building geometry and form. In this way, a more
complicated decision-making process can potentially be supported.
On the other hand, active strategies include mechanical ventilation,
cooling and using thermal collectors and photovoltaic. In this context,
optimal solutions of cooling systems and synergistic effects between
cooling and heating demand are increasingly interesting due to the
rising cooling demand. The uncertainty catalogue should also be further
expanded to include more uncertainty parameters and define them in
a more profound way. For example, the uncertain energy efficiency of
systems can be modeled in more detail. And regarding the definition of
the decision stages and objectives, the proposed framework can also be
further investigated and potentially expanded. For instance, it can be
interesting to integrate heating load as an intermediate design variable
or a separate objective in the optimization framework. Similarly, other
14

design decisions and objectives can also be investigated to improve
the fineness of the proposed framework. Furthermore, due to the ge-
ographical restriction of the employed dataset for training the machine
learning model and the fact that the database covering ecological and
economical information is mainly based on German context, the case
study exclusively investigates the double-shell brick construction, and
this might influence the reliability of the obtained results. Thus, it is of
interest to validate the framework with other datasets and implement
the proposed framework in other economic markets and geographical
contexts to further expand the applicability. In addition, a generic zone
is investigated in the case study to test the applicability of the proposed
methodology. In future work, it should be further investigated how
different generic zone types can be used to optimize design decisions
on a larger scale, e.g., in urban planning. In this way, buildings with
different geometries and characteristics can be potentially abstracted
into different zone types to simplify the optimization process. Also,
we encourage researchers to validate the proposed framework on a
building scale to validate its performance.

At last, a great number of studies have investigated the influence of
dynamic change in the economic context on the decision-making pro-
cess, while only limited studies touched the dynamic development of
environmental impacts of building products in the context of decision-
making, e.g., dynamic GWP of building materials according to vary-

ing energy mix structure. It is especially important for assisting the
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Fig. 13. Performance validation of the obtained Pareto-optimal design solutions from different frameworks in detailed analysis: (a) total cost with low inflation, (b) total cost with
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ost with high inflation.
ecision-making process of municipalities and on a national level.
ccordingly, in a longer view, it is important to consider the dynamic
evelopment of both aspects of GWP, i.e., dynamic life cycle assessment
DLCA), and economics to perform a more equivalent comparison and
ptimization, which is our next research focus.

. Conclusion

This paper presents a two-stage multi-objective stochastic optimization
OSO-II framework by dividing decisions on passive and active design

trategies in two stages in succession to reflect the real-world decision-
aking process. Furthermore, individual/use and political/market un-

ertainties are considered prior to decisions being made to ensure
he robustness of the obtained solutions. Through a case study of a
eneric zone in a solid brick construction and a heating system, the
dvantages of the proposed two-stage MOSO-II framework are validated
hrough a comparison with alternative single-stage MOSO frameworks
n terms of achieving lower global warming potential (GWP) and cost
hroughout the entire life cycle of a building and narrowing down the
ptimal solutions to a small range. In addition, the results emphasize
he importance of passive design strategies in sustainable building
lanning. The future energy mix structure and cost of energy sources
hould be carefully adjusted to promote a more ecologically sustainable
uilding design.
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