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Abstract: The main considerations in the early stage of architectural design are usually related
to form and function. At the same time, with the growing concern regarding energy saving and
carbon emission reduction, the parameters for the construction and physical quality of buildings are
receiving more attention at the conceptual and schematic design stages. Diverse design options can
emerge with the large number of variables to be considered in these stages. Moreover, the combined
efforts to reduce buildings’ life cycle environmental impacts and cost, as well as the non-linear
and often tradeoff relationship between the two objectives, make finding optimal design solutions
for buildings’ life cycle performance complicated. Previous studies have established workflows to
optimize buildings’ life cycle energy consumption, GWP, and/or cost; however, architectural design
diversity has not been sufficiently discussed at the same time. In this study, a parametric optimization
design process is established, aiming at minimizing the building’s operational energy consumption,
life cycle environmental impacts, and life cycle cost. The setting of variables, as well as the workflows
of the optimization process, is discussed from the perspective of both life cycle performance and
architectural design diversity. A small-scale exhibition hall in China’s cold climate zone is selected
as a case study. To approach the best design process applicable to this case, the optimal solution
sets from different workflows under different variable settings are compared. The results show that
by setting geometric and material variables in different steps in the entire optimization process, the
resulting solutions can be a balance of architectural design and performance. In this case study,
optimizing all of the design variables in one-step turned out to provide the best balance between
design diversity and life cycle performance in the early design stage.

Keywords: simulation-based multi-objective optimization; life cycle assessment; life cycle cost;
design process; diversity

1. Introduction

Currently, CO, emissions from the worldwide operation and construction of buildings
account for around 37% of the total CO; emissions [1]. In a highly dynamic built environ-
ment, as in China, the proportion of the building-related greenhouse gas emissions in all of
the life cycle processes to the national total is even higher (up to 51% in 2018 [2]). With the
ever stricter standards for energy conservation and emissions reduction in the building sec-
tor, the relative proportion of the embodied energy and environmental impacts of buildings’
components and materials has also increased [3]. At the same time, technical measures
for green buildings may increase the cost of initial construction. The economic benefits of
building construction should be examined from a long-term perspective. The application of
the life cycle assessment (LCA) and life cycle cost (LCC) methods in the built environment
have gained significant traction as essential methods for building sustainability assessment
following the publication of ISO 14040 [4] and ISO 21929 [5].

There are often differences between a green building’s life cycle environmental and
economic benefits [6]. Previous studies have shown that there is a tradeoff relationship
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between a building’s operational and embodied energy [7], and between its investment
cost and LCC. Therefore, an optimization subjected to LCA and LCC, taking the life cycle
environmental impacts and cost as the coupling objectives, can improve a green building’s
overall performance by maintaining balance between the objectives.

Decisions in the early stage of the architectural design process are crucial to reducing
a building’s life cycle impacts, because 70% of the decisions related to the project’s sus-
tainability are made at this stage [8]. Traditional building performance simulation lags
behind this stage, and it is not easy to perform comprehensive simulations on various
parameter combinations. Meanwhile, the integrated LCA method is generally not applied
to help architects to select design solutions at the early design stage because it is time and
information consuming [9]. The information integration function of building information
modelling (BIM) software helps to conduct LCA and LCC analysis, such as One Click
LCA [10] for the early comparison and selection of the design schemes, and the Revit
Plugin program Tally [11], which can assist in the selection of building material solutions
in a BIM model, and conduct a complete building LCA. However, due to the limitation
of manual variable settings, it is difficult to support the automatic feedback of calculation
results and the screening of a large number of design parameter combinations. The para-
metric design platform can support the automatic generation of design variables and the
linkage to the life cycle inventory (LCI) data and to the energy simulation program [12]. It
can significantly improve the efficiency and accuracy of performance optimization through
the combination with the optimization algorithm.

Although a number of studies on parametric LCA have considered both environmen-
tal impacts and cost, the design diversity has not been fully taken into account with the
consideration of both the design parameters and processes [13]. This study links com-
ponents/materials” LCI and cost data with the building’s geometric model based on the
parametric design platform, assisting architects (decision-makers) to select the optimal
solutions in the early design stage.

2. Literature Review

Decisions in the early design stage are essential to reducing buildings’ life cycle
environmental impacts and cost [14]. The studies reviewed are all concerned with multi-
objective optimization processes that target building performance in the early design
stage. In terms of summarizing the variables, the varieties of the material variables are not
analyzed because building performance design based on LCA/LCC methods necessarily
involves material selection. In this stage, geometric design parameters are the most intuitive
elements to consider, and it is found through the review that studies with life cycle impacts
or cost as targets tend to consider the geometric variables in a simple way, while studies
that consider building form diversity as an innovative point often do not include the target
of calculating life cycle performance (Table 1). The studies reviewed are grouped into two
categories. The first category focuses on the generation of geometric forms. The second
category focuses on the design process of the project.
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Table 1. Review of the literature on classification based on design diversity and LCA relevance.

Geometric Variables Life Cycle Objectives
Catego Y Auth Basics : :
gory ear uthors Characteristics Operational Embodied Economy Others
Orientation Plan WWT Energy Energy
predicted
2019 Sietal. [15] Eave de?pth by & percentage
10 variables . .
dissatisfied
Negendahl Amplitude of .
Geometry: 2015 etal. [16] facade fold v cost daylight
free-form Free-form mass
2014 Jinetal. [17] controled by Vv
5 variables
. Controlling points
2009 Yi et al. [18] of surface Vv
Harter . primary
2020 etal. [19] 4 Vv 7 different plans vV energy
Shadram embodied
2019 etal. [20] % v % % energy
envelope
Sunshade board .
Geometry: 2017 Yang et al. [21] Vv length Vv construction
mass-box cost
Brunelli net present
2016 tal. [22] Building footprint Vv CO; emission value of the comfort level
etak investment
Basbagill Number of
2013 otal %9] v Vv buildings, number v CO, emission

of floors
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Table 1. Cont.

Geometric Variables Life Cycle Objectives
Catego Y Basics i
8oty ear Authors Characteristics Operational Embodied Energy Economy Others
Orientation Plan Wwr Energy
2021 Abbasi Y embodied energy,  operation cost,
etal. [23] renewable energy ~ embodied cost
Ascione primary energy,
2019 etal. [24] 4 4 CO, emission global cost
. . global cost,
. 2019 Lietal. [25] Vv vV Vv primary energy investment cost
Design
process 2018 Shadram v rimary ener
etal. [7] p y 8y
Ascione Overhang
2017 etal. [26] v projection ratio v Lee
Hollberg non-renewable
2016 .
etal. [12] primary energy

a /" indicates that the content is included in the study.
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2.1. Geometric Variables Focused

The studies reviewed in Section 2.1.1 are cases with unique form generation logic
(free-form) due to the uniqueness of the solutions, and some of these studies do not include
life cycle objectives. In Section 2.1.2, the form generation logic is weaker than that described
in Section 2.1.1. The geometric models are based on operational energy consumption
calculation zones (mass-box). Life cycle performance is considered in all of the studies in
the second part.

2.1.1. Free-Form Geometry

The geometric design parameters of a building have a significant effect on its appear-
ance and performance. To support the diversity of architectural design, while considering
the concision of the model required for the energy simulation and the optimization process,
some researchers have studied the parametric definition of the geometric model in the early
design stage.

Jin et al. [17] defined the shape of the building as a polygon, controlling the shape by
changing the polygonal shape and twisting angle of the upper and lower bottom surfaces;
Si et al. [15] controlled the generation of the roof using the degree of deviation of ten
points of the irregular polygonal roof from the center coordinates, in order to affect the
indoor environment objectives. Negendahl et al. [16] investigated the relationship between
the number and amplitude variables of fagade folds and building energy consumption.
Yi et al. [18] controlled building forms by defining the hierarchical relationship between
geometry points to explore the building geometry without being restricted to a box or
simple form.

2.1.2. Mass-Box Geometry

The above studies used specific geometric variables to study specific building models
without LCA- or LCC-related objectives. In studies involving LCA, the formulation of
geometric variables is often simplified from “free-form” to “mass-box”.

Basbagill et al. [9] took an H-shaped plane as a prototype and generated building
plans with different proportions and shapes by adjusting each side’s parameters. The
geometric parameters of this plan’s outer contour and the envelope structure’s construction
layers and their thickness were used as variables that were subjected to a sensitivity study.
Shadram et al. [20] classified the plan shapes of typical residential buildings into six types
(*0”,“u”,“H”, “L”, “T”, ”x"), the geometric variables of the outer contour and the inner
contour were set for each basic shape, and optimization was carried out with the objectives
of building’s operational and embodied energy consumption. Harter et al. [19] investigated
the uncertainty of variables regarding the life cycle total energy under seven plan shapes
o~ “+7, “L”, “U”, "H”, “T”, “00 with basement”). Yang et al. [21] set the windows’
number, unit width, unit length and sunshade board length as geometric variables to
optimize the envelope construction cost and thermal energy demand. Brunelli et al. [22]
studied a case with alternative building footprints to optimize thermal energy demand,
and net present value of the investment and CO, emissions.

The above studies set the building plan’s geometric variables, elevation, or spatial
position relationship based on the “mass-box” model and obtained a more diverse early
design stage simplified model. This way of defining geometric variables appears in a large
number of studies involving building performance. Some of them also added variables
such as the shape of shading components and the verandas that do not change the main
form of the building. Because the “mass-box” modelling approach is commonly used, this
study only exemplifies studies that involve life-cycle impacts or cost in the objective.

2.2. Design Process Focused Life Cycle Performance Optimization

Due to the large decision space formed by the variables and objectives, searching for
the best solution is inefficient and complicated for architects. Because of the complexity of
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the LCA and LCC methods, improvement of the design process is a more important part of
the optimization. Geometric forms are not the focus in these following studies.

Hollberg and Ruth [12] designed a single-objective optimization process with the
objective of non-renewable primary energy consumption by using the parametric platform
Grasshopper (GH) and the optimization plug-in Goat. Several plans pre-set by the architects
were analyzed and compared, and then insulation material, thickness, and external window
alternatives were set as variables to be automatically optimized. The authors pointed out
that the current LCA calculation is a time-consuming task, and architects usually did not
have relevant knowledge and experience. Meanwhile, the information about the materials,
the structures, and the service system required for LCA is often not available in the early
design stages.

Shadram et al. [7] combined the comprehensive advantages of building information
in the BIM platform with the mature energy analysis tool and the optimization capabilities
of the parametric platform to study a small apartment building in one country under
four different climate zones. This process used gbxml format files to transfer geometric
information, using the MySQL database to transfer material information, linking BIM
software and the multi-objective optimization module in GH to achieve a fully automatic
optimization process. This method required a higher level of development (LOD) of the
model, and the geometric parameters such as building shapes were not set as variables. It
was more suitable for the later stages of the design process.

Abbasi et al. [23] also combined BIM and parametric platforms. The building was
originally developed in Revit, containing geometric component information. The geometri-
cal data and amount of materials were extracted as input data in the Athena software to
calculate embodied energy, renewable energy consumption, and other LCA indicators such
as GWP. The three-dimensional model was introduced into GH to regenerate the model for
operational energy optimization of the building, using Ladybug and Honeybee plugins.
The optimized results were then added to Navisworks, another BIM platform, in the format
of database information to create a higher LOD model. In the above-mentioned workflows,
the geometric parameters were defined in the original Revit model. The overall design
process enhanced the model’s information, but the method was unidirectional and could
not reverse the early concept of the project. The optimization focused on materials and
equipment rather than aesthetic design.

The studies mentioned above adopted the idea of optimizing building performance
in one step. Ascione et al. [26] performed the optimization in stages. In the first stage, the
objectives of optimization were the minimization of thermal energy needs for space heating
and cooling. In the second stage, an intelligent search strategy was carried out to identify
the robust cost-optimal retrofit solutions of the whole building system. Finally, a careful
decision-making process was performed to find a recommended retrofit package among
the 12 cost-optimal solutions found in stage two. This approach was applied to the design
of a building energy retrofit. The variables were limited to material and equipment.

Another study from Ascione et al. [24] presented a three-phase framework for multi-
objective optimization. Phase One was a three-objective (annual thermal energy demand
for space conditioning, annual electrical energy demand for artificial lighting, annual per-
centage of discomfort hours) Pareto optimization of building geometry, HVAC operation,
and the envelope. Phase Two was a smart exhaustive sampling running within Pareto
solutions provided by Phase One with another three objectives (primary energy consump-
tion, global cost, investment cost). Phase Three selected the design solutions provided by
decision-makers according to the optimal solution sets as well as the other performance
indicators. Due to the calculation of objectives in phases, the optimal solutions in each
phase were not global. The building geometric variables considered in the study were not
as detailed as the HVAC or material ones.

Li et al. [25] proposed a coordinated optimal design method. An iterative approach
was adopted to coordinate multi-stage optimizations of the building envelope and the
energy systems. The envelope design and the energy system design were optimized
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iteratively using the updated design of each other until the coordinating design variables
converged. A zero-carbon building was tested and the objectives’ results were better
compared with existing multi-stage design methods. The premise of this method was that
there existed a clear trade-off relationship between the objectives in the different steps of
the optimization process.

3. Methodology

The proposed literature review shows that the multi-objective optimization process for
building performance involving LCA /LCC is complex. There are issues such as geometric
form, materials, equipment, as well as optimization algorithms and design processes to be
considered. Previous studies have not wholly addressed the aspects of free-form-based
project models, comprehensive performance objectives, and design process combining
multi-objective optimization in the early stages of building design. Simplification of any
aspect at the early design stage may have impacts on the final solution. Moreover, there
is a nonlinear relationship between buildings’ environmental and economic performance.
Therefore, setting optimizing variables based only on the project model at a certain stage
of the design process, or optimizing the layout, shape, material, structure and equipment
parameters separately according to the general design process step by step, may not be able
to obtain the overall optimal solution, nor to the environmental impacts and cost targets.

This study establishes an adaptive geometric variable definition method based on
its functional space requirements and site conditions. It compensates for the neglect and
simplification of the geometric diversity for the optimization process from the LCA /LCC
perspective in the early design stage.

This study also compares the optimal solution sets and corresponding building per-
formance of a case project under three different workflows as part of the design process.
On this basis, the appropriate workflow could be proposed for optimizing the life cycle
performance of a building in the early design process. Figure 1 shows the proposed frame-
work of the study, which comprises the following steps: variables setting, objectives setting,
database importing, optimization, and decision-making.

3.1. Parametric Model with Variables

A building’s performance simulation in the early design stage is usually based on a
simplified geometric model representing the building’s shape and space, in which each
mass represents a single functional zone, and different geometric masses need to be calcu-
lated separately. However, in this study, the geometric variables adopt the modelling logic
of linkage between masses: the model is divided into multiple zones according to their
functions while the total area and the area of each zone are fixed.

The material variables include the window types, thickness, and building envelope’s
insulation. As for the other parameters, the commonly used HVAC equipment system
templates are often chosen as default values in the early design stage. Therefore, the
influence of the equipment system parameters on operational and embodied energy is
relatively fixed, so these parameters are not set as variables in this study.

3.2. Objectives Setting

According to the authors’ previous study [27], the life cycle performance optimization
objectives selected in this study include primary energy demand (PED, in kWh/m?/a),
global warming potential (GWP, expressed in CO, equivalent, in kg CO,-e/m?/a) a), life
cycle cost (LCC, in yuan/m?), and operational energy (OE, in kWh/m?/a).

Since the existing norms have not yet set the above indicators’ benchmark values, this
study seeks to obtain the solution set with the minimum value of each indicator.

Since operational energy has the largest impact on the energy consumption and
carbon emissions of a building’s life cycle, it is another optimization objective to constrain
the design process and optimization results. The Standard for Energy Consumption of
Buildings [28] (GB/T51161-2016) stipulates the constraint and guide values for the three
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types of public buildings’ operational energy, not including exhibition buildings. Taking
the office buildings of category B for party and government agencies as an example, the
constraint value in cold areas is 70 kWh/m?2/a, and the guide value is 50 kWh/ m2/a,
including HVAC systems, lighting, hot water, elevators, etc.

’ Architectural design variables

Geometric ‘ Material ‘
ID ‘I.", ‘ Other parameters
— 10 4
Equipment ‘ [.ocation
Ty i G
Database LCI Y ’ Operation emperature
i ——» Mass model Humidity
wre : Material %) )
eFootprint i library Y —_—
e o Energy model «——— ® ) Sunlight

= %5

Thermal
[xternal data —»» .
performance| ¢ |

L ' ;
Cost —i @}
| i A ) Optimization objectives
|
77777777777777777777777777777777777777777777777777777777777 . Si,n‘!’atio’lw

v
5, Embodicd N ’ GWP ‘

energy
% Optimization
e

v

Optimal solution set

FWS"H“MHOHT
-~ 1 Objectives’  values

( Decision making |
+ Comparison _

Figure 1. Main steps of the proposed framework of this study.

The Design Standard for Energy Efficiency of Public Buildings [29] (GB50189-2015)
and corresponding local standards provide a series of regulations for building thermal
design parameters, providing a reference for the value range of variables for this study.

3.3. Database Importing

The LCI data of building components and materials also influence the LCA results [30].
Commonly used international LCI databases in building LCA include the Ecoinvent [31]
database developed in Switzerland, the Gabi [32] and OKOBAUDAT [33] databases in
Germany, the IMPACT [34] database in the UK, etc. This study mainly uses the CLCD
database (accessed through Efootprint [35]) developed in China, and in the case of missing
data we refer to the international Ecoinvent and OKOBAUDAT databases (Appendix B).

3.4. Workflow

Firstly, the LCI information of materials are collected from the database and imported
into GH as an Excel file. Then, the data are linked to a parametric geometric model to
generate the building model containing the complete information. Next, the Honeybee [36]
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component is used after completing the geographical location, equipment, running time,
and other information of the model to calculate the building’s operational energy con-
sumption. The environmental impacts and LCC of the project are estimated by pairing
the material quantity and energy consumption with the LCI data. Finally, the objectives
are optimized by the genetic algorithm through the Octopus [37] component to obtain the
optimal solution set. The combinations of variables” and objectives’ values can be exported
to Design Explorer [38] for results visualization. A final decision can be made from the
perspective of variety and performance (Figure 1).

4. Case Study

An exhibition hall’s design process is studied. The case is located in Tianjin (39° N),
a northern city in China’s cold region. This hall is used to display a dinosaur skeleton
donated by alumni of a university (building plans are shown in Appendix A). The basic
information of the building is shown in Table 2.

Table 2. Basic information of the building for case study.

Floors (Above ground) 4
Floor area (m?, Above ground) 5200
Service life (year) 50
Cooling Central air conditioning
Heating Central heating (natural gas)
material 2%
Price index
energy 3%
material
Discount rate 2.3%
energy

This building is located on an east-west narrow site on campus. The main exhibition
room is designed on the north side. The curtain wall has a wrinkled shape to simulate the
geological effect of a rock formation (Figure 2). A model with multiple changeable zones is
simulated simultaneously. The grid number of the exhibition hall’s fold-shaped window
and the bulge’s location are the key variables in the case study. Other geometric variables
are the building’s length and width and the window-to-wall ratio of the facades in different
directions. The material quantities used to calculate the embodied energy and LCC of the
building are taken from the geometric model above, including the entire exterior envelope,
the floor slab and part of the interior walls between the condition zones. Building elements
such as equipment, structures, foundations, and interior walls of rooms are not considered.
These components need to be studied after the early design form is determined.

Figure 2. The rendering (a) and energy analysis model (b).
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Tables 3 and 4 show the variables and physical properties of the building elements in
this case study. In the Building geometry category, Width refers to the length of the building
in the east-west direction; Bulge’s X indicates the center of the most prominent part of the
exhibition hall as a percentage of the overall width (from the west side); Bulge’s Y refers to
the length from the exhibition hall’s northernmost end to its southernmost end; and Grid’s
number refers to the number of wrinkles on the north facade (always an odd number).

Table 3. Input variables and their ranges for optimization.

Description of

Categories Variables Unit Distribution Sampling Ranges
Building geometry Width m Uniform (70.0, 80.0)
Bulge’s X % Uniform (0, 100)
Bulge’s Y m Uniform (40.0, 60.0)
Grid’s number - Discrete (3,5,7,9,11,13,15)
Window-to-wall ratio North WWR % Uniform (20, 40) @
(WWR) West WWR % Uniform (10, 30)
South WWR Y% Uniform (20, 30)
East WWR % Uniform (10, 30)
Building element Window - Discrete (1-5)
Exterior wall - Discrete (1-21)
Roof - Discrete (1-19)

2 Due to the consideration of the actual product specifications, the thickness of the insulation material is not set as
a uniform but as a discrete variable with an interval of 10 mm.

Table 4. Building elements in this case study.

Index Number U-Value Visible
(Window) Glass Type Frame Type [W/m? K] SHGC Transmittance
1 Double Low-E Aluminum alloy 2.16 0.4767 0.76
2 Triple Low-E Aluminum alloy 1.78 0.4759 0.72
Triple Low-E .
3 (Argon filled) Aluminum alloy 1.51 0.4721 0.68
4 Double Low-E Wood-aluminum 1.30 0.4767 0.76
5 Triple Low-E Wood-aluminum 0.80 0.4759 0.72
Index number Layers Thickness coflzfgzili ty Density Spce;;f;;}tl;at
. . . . 3
(Exterior wall) (from outside to inside) [m] [W/m-K] [kg/m?] [/kg K]
Facade
(Stone panel) 0.005 35 3300 920
Facade
(Aluminum frame) 0.02 203 2700 900
Cement mortar 0.01 0.93 1800 1050
1-11 Rock wool panel 0.05-0.15% 0.048 140 1220
12-21 XPS panel 0.04-0.132 0.0384 30 1380
Autoclaved aerated concrete
block 0.2 0.175 500 1050
Cement mortar 0.01 0.93 1800 1050
Index number Layers Thickness coflzirg}?/li ty Density Spf:;)f;ozil:;at
. . . 3
(Roof) (from outside to inside) [m] [W/m-K] [kg/m"] [/ke-K]
Polymer waterproofing 0.002 015 700 1680
membrane
Thermal insulation mortar 0.065 0.08 400 1050

Perlite insulating concrete 0.002 0.435 800 1320
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Index number Layers Thickness coﬁgfgzili ty Density Spf:;f;i‘;at
. . . 3

(Roof) (from outside to inside) [m] [W/m-K] [kg/m”] 0/ke K]
1-11 Rock wool panel 0.1-0.22 0.048 140 1220
12-19 XPS panel 0.08-0.152 0.0384 30 1380
Reinforced concrete 0.1 1.74 2500 920

2 Due to the consideration of the actual product specifications, the thickness of the insulation material is not set as
a uniform but as a discrete variable with an interval of 10 mm.

Since the main facade of the exhibition hall of this building faces north, the window-
to-wall ratio variable of the north facade takes a range larger than that of the south fagade.
The upper range still meets the energy-saving design standard [29].

4.1. Different Workflows in the Design Process

Concentrating on the decision-making in the early design stage, three possible opti-
mization workflows are proposed and compared:

(1) Pre-set optimization: artificially pre-set the geometric shape according to the architects’
preference, and then optimize the variables relating to the window-to-wall ratio and
those related to building components (seven variables);

(2) Stepwise optimization: Step 1, optimize the geometric shape of the building (four vari-
ables), with the window-to-wall ratio and the building components (seven variables)
as pre-set default values; Step 2, start from Step 1’s optimal solution sets, manually
select one solution as the default value of the geometric shape, then optimize the
window-to-wall ratio and building components (seven variables);

(3) One-step optimization: simultaneously optimize the variables relating to building
geometric shape, the window-to-wall ratio and those related to building components
(eleven variables).

4.2. Comparison of the Objectives under Different Workflows

In this study, the minimum and maximum values of the results obtained from all
the calculation processes (except for the first step in the stepwise optimization due to the
extended difference of the solutions) are defined as 0 and 1. Other results in the solution
sets are mapped to this interval to demonstrate the solutions’ values in the same standard
scope to assist the comparison. The calculation results of each workflow are demonstrated
in the following subsections.

4.2.1. Pre-Set Optimization

The geometric shape of the building in this optimization workflow is a fixed setting, in
which each variable is predefined as the intermediate value in the scope. The window-to-
wall ratio and building elements” attributes (window, exterior wall, roof) are the variables
to be optimized. The result is shown in Figure 3b. Each line represents one optimal solution
set. The bend points represent the value of the objectives. This set of optimal solutions
contains 16 optimal solutions.

4.2.2. Stepwise Optimization

In the first step of the stepwise optimization, the window-to-wall ratio is set to the
median value in the variable scope, and the physical attributes of the building elements
are set to the minimum value (the lowest value that meets the requirements of the design
codes [28,29]), and the geometric parameters are variables. The calculated optimal solution
sets are all close to the simple volume without ‘wrinkles” (Figure 4a), so this geometry is set
as a fixed value for the second step of optimization: optimizing the window-to-wall ratio
and building elements. The optimization results are shown in Figure 4b.
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Figure 3. Geometric model (a) and optimal solution set (b) of the pre-set optimization scenario.
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Figure 4. Geometric models (a,c) and optimal solution sets (b,d) of the stepwise optimization scenario.

As the geometric shape obtained by the above optimization tends to be simplified,
the calculation is performed again, considering whether it is caused by the material’s
inadequate insulation quality. This time, the building elements are set to the maximum
value in the variable scope. One set of geometric shape variables corresponding to the
minimum operational energy consumption with a functional plane is selected (Figure 4c),
and the second step of the stepwise optimization is performed again. The optimization
results are shown in Figure 4d.

4.2.3. One-Step Optimization

All variables are optimized in one-step optimization at the same time. The results of
the geometric model and their performances are show in Figure 5. It can be seen from the
models that the diversity of the geometric design solutions is much greater than those from
the other two workflows, and their performances are compared in Table 5. The visualization
by Design Explorer (Figure 5c) represents the value of the variables and objectives, as well
as presenting the geometric models in a concise and comprehensive way. Architects can
make design decisions without an in-depth understanding of mathematical principles such
as trends in variables or objectives’ distributions.
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Figure 5. Geometric models (a), optimal solution set (b) and results visualization by Design Explorer
(c) of One-step optimization scenario.

Table 5. Comparison of optimal solutions (the minimum values of processes’ final results are shown

in red).
GWP
Num of OE (kWh/m?/a) LCC (YUAN/m?) PED (kWh/m?/a) 2

Processes Optimal (kg CO,-e/m”/a)

Solutions Min Avg Min Avg Min Avg Min Avg
PRE-SET 16 60.056 60.526 7676.944 8202.007 254.948 255.526 107.751 108.754
Stepwise Step1 1 65.179 65.179 7419.439 7419.439 264.649 264.649 117.286 117.286
(min insulation) Step2 15 59.966 60.779 7432.159 7769.645 252.737 253.665 106.135 108.158
Step-by-step Stepl 21 60.210 60.270 8427.873 8480.814 258.026 258.071 107.287 107.508
(max insulatjon% Step2 16 59.778 61.473 7451.886 7580.558 252.576 254.493 106.526 110.493
ONE-STEP 15 59.629 61.021 7534.193 7893.475 250.526 255.382 107.385 110.496

4.2.4. Comparison of Results

Under the above three workflows of optimization, the number of each of the six
calculations” optimal solution sets is less than 20 in all cases. Table 5 lists the minimum
value of the four optimization objectives in each solution set and the average value of all
optimal solutions in the group.

Figure 6 shows the values of optimization objectives corresponding to the optimal
solution sets. Due to the default minimum insulation settings, the results from Step 1 in the
stepwise optimization have the worst performance. Meanwhile, the solutions from Step 2 in
the stepwise workflow have competitive performances based on the simple shape without
wrinkles obtained in Step 1. The results from the pre-set optimization workflow have
relatively higher life cycle impact values partly due to the predefined complex shape. The
minimum values for OE and PED appear in the solution set of the one-step optimization’s
workflow, and the values for the other objectives are also close to the lowest ones.
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Figure 6. Comparison of values for the optimization objectives under different workflows.

In one set of optimal solutions, the architects can choose the final solution according to
the design intention. Taking the optimal solution set of one-step optimization as an example,
each objective can be weighted to obtain a normalized total score (the lower, the better)
for comparison (Figure 7a), or only the LCC (as a long-term economic indicator)/initial
cost (as an investor concerned economic indicator), which if it was below the average cost,
would be selected (Figure 7b). Similarly, OE can also be used as a screening condition from
the point of view of market feasibility and regulations.
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Figure 7. Comparison and selection from the aspects of normalized score (a) and average value (b) in

the optimal solution set of the one-step optimization.
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4.3. Variables’ Values of the Optimal Solution Sets

Although the result values of the objectives in each optimization workflow have
only a small difference, the values of the design variables corresponding to the optimal
solution set are relatively scattered. Defining the range of all the variables from the
optimizations in the range of 0 to 1, and then normalizing the variable values corresponding
to the optimal solution set in this range (Figure 8), the one-step optimization process’
geometric parameters are the most scattered, and the resulting geometric shapes are diverse.
The architects can choose from them according to the aesthetic and functional design
intentions. In the other optimization workflows, the geometric parameters are more
settled. Moreover, the best values for the window-to-wall ratio and material variables are
relatively concentrated.

019 (a)‘ . 0?9(0)

08 e \ 08 ’

05
04
03
02
0.1
wan B LR p— i

...........

Figure 8. Comparison of variables’” values under four different workflows of optimization.
(a) one-step, (b) pre-set, (c) stepwise-step 2 (max insulation), (d) stepwise-step 1 (two scenarios),
(e) stepwise-step 2 (min insulation).

In order to objectively evaluate the diversity of variables corresponding to the optimal
solution set, the standard deviations of the above normalized variable values are summed
up separately. Table 6 shows that the standard deviations of the pre-set variables are 0.
The larger the standard deviation value, the more diverse the variables are. The highest
value of the sum of standard deviation of all the variables of the one-step optimization
indicates that the comprehensive diversity of their variable values is the strongest among
all processes.

4.4. Discussion

For better integration with the design process, the optimization workflows are ex-
amined. Since the solutions in the optimal sets all perform equally well in their life cycle
performance, the values of the corresponding variables require more attention in the se-
lection, among which the geometric variables are the most intuitive but also the most
subjective. The values of the material variables show a certain degree of aggregation. This
aggregation phenomenon can be used as a reference for the preparation of building compo-
nent variables in the subsequent stages of the design process. The products with properties
closer to the values of the above variables among the existing building component products
can be selected in the variables’ ranges. The material variables’ value also shows a degree
of tradeoff, manifested by a thinner wall or a thicker roof, for example. This phenomenon
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may be caused by the tradeoff between operational energy consumption and embodied
energy consumption in the life cycle.

Table 6. Comparison of the standard deviations of the normalized variable values.

Stepwise Step-by-Step
Processes Pre-Set (Min Insulation) (Max Insulation) One-Step
Step1l Step2 Step1l Step2
Width 0.000 0.000 0.000 0.000 0.000 0.039
BulgeX 0.000 0.000 0.000 0.047 0.000 0.143
BulgeY 0.000 0.000 0.000 0.115 0.000 0.211
Grid 0.000 0.000 0.000 0.036 0.000 0.269
Variables’ NorthWWR 0.020 0.000 0.046 0.000 0.141 0.129
standard WestWWR 0.237 0.000 0.081 0.000 0.025 0.261
deviation SouthWWR 0.000 0.000 0.000 0.000 0.299 0.070
EastWWR 0.025 0.000 0.021 0.000 0.013 0.203
Window 0.296 0.000 0.349 0.000 0.340 0.376
Wall 0.013 0.000 0.000 0.000 0.000 0.123
Roof 0.000 0.000 0.000 0.000 0.000 0.072
Summation 0.590 0.000 0.496 0.198 0.818 1.897

The standard deviation analysis of the optimal solution set is intended to describe the
values of the variables quantitatively and only serves as an aid to decision-making. Since
the number of solutions in each optimal solution set is not large, the standard deviation
values are not statistically valuable. Other methods describing the solution space are not
used because they do not reflect the diversity of the variables’ values in this case.

By comparing the above-mentioned workflows, it can be concluded that setting ge-
ometric and material variables in different steps in the entire optimization process has
a significant impact on the results. The adjustment of the order of any variable in the
stepwise optimization process affects the direction of the final result. Since this study starts
with a practical case in architecture, the variables are classified according to geometry
and material, and no single variable is ordered and combined individually. By setting the
time points at which variable groups appear, the whole design scheme can be realigned to
address an architectural design priority or performance priority.

5. Conclusions and Perspective

This study establishes an architectural design optimization process for the life cycle
environmental impacts and cost targets based on the parametric design platform, com-
bining geometry diversity and variable optimization steps with LCA/LCC methods in
the early design phase. The research gap that this study intends to fill is the combination
of a geometric model with design intention in the architectural early design stage and
an optimization process that includes multiple LCA /LCC objectives. By comparing the
optimal solution sets under the four different workflows, it is verified that each set of
optimal solutions has its strengths under different objectives while approximating the
optimal solution. In the one-step solution searching process, the variables corresponding to
the geometric parameters related to the shape are relatively scattered, which allows a high
degree of flexibility for architectural design. The architects can then make decisions with
the consideration of different emphases and other additional attributes such as aesthetic
and functional concerns. The workflows with restrictions on the initial geometric layout
and shape lead to no disadvantages in the optimal solution sets’ life cycle performance or
the calculation’s duration, although the diversity of architectural design is very limited.
The design optimization method proposed in this study provides architects with a basis for
achieving the final formulation of the design in conditions with a great deal of uncertainty.
The findings of this study do not improve the optimal values of the optimization objectives
or the computational efficiency, but rather the analysis of different design processes involv-
ing optimization algorithms from the idea of form design, which is the main concern of
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architects at the early stage of architectural design. Without destroying design diversity, it
ensures that the generation of early-stage solutions is based on the objectives of optimal
building performance throughout the whole process.

In terms of the practical contribution, the parametric model in this study is not only
applicable to optimization. Due to its large range of variables, it can be used for sub-
jective exhaustive or randomly generated form studies by architects. Additionally, the
optimization phase is not time-consuming in a single calculation and can be quickly
reused after changing the pre-sets to explore more approximate optimal solutions under
other conditions.

In terms of the limitation of this research, the geometric mass model in the early design
stage can only contain limited information about the project. Since the volumes containing
the main functional spaces dominate the geometric model at this stage of architectural
design, this study did not consider the auxiliary space of the building. The question of how
to refine the model while preserving the geometric characteristics in the transformation
from this stage to the next needs to be addressed. In terms of material and construction, the
material and thermal calculation only concerns the building’s envelope in the early design
stage. The structure frames and the equipment components are not considered as variables.
A larger number of unquantified parameters will need to be considered in the subsequent
design stages. Whether to consider them as variables or default values, as well as their
inheritance relationship with the variables in the previous stages, needs to be explored in
future studies.

Author Contributions: H.Y.: Methodology, Software, Data curation, Writing—Original draft prepa-
ration; W.Y.: Supervision, Conceptualization, Methodology, Reviewing and modification of the final
version; Q.L.: Preparation for the basic data of the case study project; J.L.: Software—Simulation
parameter setting. All authors have read and agreed to the published version of the manuscript.

Funding: The authors acknowledge the National Natural Science Foundation of China for the
financial support given to this research under the process numbers of 51878436 and 51478294.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: This contribution is the further exploration based on previous findings
on the relevant topics that had been published in a conference paper [27] and a Chinese journal
article [39] presented by the same authors.

Acknowledgments: Information of the case study project is provided by Jie Zhu from Tianjin Uni-
versity Research Institute of Architectural Design and Urban Planning Co., Ltd.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A

................

"

Figure A1. Site plan of the case study.
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Figure A3. North elevation of the case study.

Appendix B

Table Al. Environmental data of materials used (Life cycle stages A1-A3).

Categories Components Unit FI\I/EI]])] [kg(zlv(glz, eql Database Im[?{ilag]o st CoIsI::stlSlni t R[;L
Insulation Rock wool panel kg 17.4 1.41 Ecoinvent 474.61 m? 30
material XPS panel kg 96.1 4.57 CLCD 747.2 m3 30
Structure ~ rutoclaved aerated m* 2300 323 CLCD 163.93 m? >50
concrete block
Reinforced concrete kg 1.077 0.146 Ecoinvent 743.66 m? >50
Cladding Stone panel m? 535.76 35.92 OKOBAUDAT 805.56 m? 30
Aluminium frame kg 51.86 10.68 OKOBAUDAT 340.44 m? 30
Cement mortar kg 2.02 0.289 Ecoinvent 49.23 m?(10mm 20
thickness)
Polymer
waterproofing kg 83.7 3.3 CLCD 5.69 m? 30
membrane
Thermal insulation K - 5
g 2.05 0.29 OKOBAUDAT 33.72 m 30
mortar
Perlite insulating kg 1458 123 Ecoinvent 366.26 m? 30
concrete
Window Double Low-E(A) m? 1792.07 131.54 Added by 756.78 m? 30
Triple Low-E(A) m? 2362.21 172.58 Low-E glass 963.61 m? 30
Triple Low-E(A and Bridge-cut
( A{’rgon fﬂle(fl) ) m? 238727 17453 aluminiam 1313.61 m> 30
Double Low-E(WA) m? 3301 180 alloy data from 3104 m? 30
Triple Low-E(WA) m? 352052 193.91 CLCD 3311 m? 30
Energy Electricity kW-h 11.84 0.9419 a 0.9 kW-h -
Natural gas m3 15.49 0.28 CLCD -b - -
2 From the weighted average of OM emission factors of North China Power Grid for three years from 2015-2017.
b There is a starting fare 12 Yuan/m? on the whole building and 0.25 Yuan/kWh fee for the actual cost.
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