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A B S T R A C T

Designating wall materials manually is neither efficient nor competent to find the ideal
solution. Therefore, the current study aims to develop a new designation approach based
on multi-objective optimization which can automatically explore a larger space of
solutions and obtain the optimal material combination. The core concept is to use wall
properties as objectives to search for satisfying combinations, rather than the thresholds to
validate manually proposed solutions. A case study is carried out to find material
combinations with favourable U value, specific heat capacity, and the total material price. It
is realised by two different research methods: using the k-nearest neighbours (k-NN)
algorithm in the Python environment, and using the Strength Pareto Evolutionary
Algorithm 2 (SPEA2) in the Grasshopper. Finally, the usability test was conducted among 15
architects. Test results confirmed that this new approach could save much time and find
solutions with better performance. The present study has significance in reducing
architects’ repetitive work while speeding up the decision-making process.
© 2019 The Authors. Published by Elsevier Ltd. This is an open access article under the CC

BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Designating wall material is still done using an old fashioned method: architects look up in the material handbook, select
materials, give the thickness of the different layers, and then check the wall properties by using Excel, or local software like
BRE’s U value calculator, or other online thermal calculators [1–3]. Designers input the wall material information on these
web pages and they automatically output the whole scenario of wall properties, like the R value, U value, and the moisture
condition. If the results of wall performance do not satisfy construction codes or clients’ requirements, architects have to
change materials or thicknesses and iterate this process until the compliance goal is reached. Due to too many trade-offs
among objectives, this kind of human-brain-based method is neither efficient nor able to find the ideal solution. For example,
finding the embodied energy and total price rise when building materials save energy in the operation stage. To find the
solution balancing these design aims is a multi-objective optimization problem, which is impossible to be manually handled
by architects.

There have been several other investigations using algorithms to design the building envelope. Azari et al. [4] used an
artificial neural network (ANN) and genetic algorithms to select envelope materials, concerning the building energy
consumption and the life cycle analysis. Castro-Lacouture et al. [5] proposed an integer optimization model to select building
materials for achieving more credits in the LEED rating system, which provides a framework to create cost-saving green
buildings. Zavadskas et al. [6] set up a model with the MULTIMOORA method to select materials for residential house
elements.

Nevertheless, drawbacks and gaps exist between precedent investigations and the wall composition designation in
reality. First of all, material optimization in the literature has usually been conducted as an affiliation to the optimization of
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building form or other issues, with few material parameters correlated. However, the material designation is already a
complicated and systematic problem by itself, and it is regularly separated from finding the best window-wall-ratio or other
design problems in real design projects. Second, LEED credits and some other objectives pursued in these studies are not
actually compulsory for every project. Moreover, design decisions of wall material designation are made by architects in real
life, but precedent studies were mainly conducted by engineers using methodologies which were not only too time-
consuming but also complicated for architects. In conclusion, the practical applicability of prior research is limited.

Accordingly, the current research tries to automate the material designation process by more necessary and
representative objectives, which will be illustrated in chapter 2.2. The calculation model built herein can be applied to any
new projects and conditions. Meanwhile, methodologies in the current study will be more understandable and accessible to
common architects. A pre-fabricated wall typology with three layers will be illustrated as a case study. It will be realised with
two different methods: the k-NN algorithm in a programming environment of Python and an Evolutionary Algorithm in the
Grasshopper [7].

2. Basic information

2.1. Background

The case study herein is a prefabricated wall composed of three layers: Extruded Cement Panel (ECP), an insulation layer,
and Autoclaved Lightweight Concrete (ALC) panel (Fig. 1). This kind of wall composition typology has been utilized in many
construction projects over East Asia, especially in Japan and China, such as the project of the new Beijing municipal
government office building. Designing one traditional wall layer includes two aspects: selecting the material and deciding its
thickness. When it comes to the prefabricated wall, material types and their thicknesses are usually arranged in pairs that
make the optimization problem much easier. A short introduction of three layers will be given in the following paragraphs.

The exterior layer is the extruded cement panel (ECP), is a kind of hollow cement strip. It is made from waste concrete
powder [8] or Portland cement, fibres (pulp fibre, polypropylene fibre, etc.), and siliceous materials (quartz powder). After
the extrusion moulding under vacuum and high pressure, intermediate products go through a low-temperature steam
curing and another high-temperature with high-pressure curing to turn into the final product. The whole manufacturing
process does not produce wastewater, gas, and hazardous chemicals. This case study offers three types of ECP with different
thicknesses (Table 1), in an interval of 10 mm.

Only three kinds of insulation materials are provided but with 19 various thicknesses (Table 2). Expanded polystyrene
(EPS) and extruded polystyrene (XPS) board are the most popular insulation materials in construction projects [9]. On top of
them, Polyurethane (PU) board is an alternative here. The thickness interval of XPS is 5 mm while the other two kinds have an
interval of 10 mm.

Autoclaved Lightweight Concrete (ALC) panel which has the strong compressive strength [10] and lateral stiffness [11] is
the inner base of the wall. Due to the ALC board used for an external wall must be thicker than 150 mm, only seven kinds of
thickness were found in the market. As a result, there are 3 kinds of ECP, 17 types of the insulation layer, 7 sorts of ALC, and
399 possible combinations in total. More alternatives can be brought about by adding material kinds and changing their
properties.
Fig. 1. The prefabricated wall used for the case study.



S. Zhao / Case Studies in Construction Materials xxx (2018) e00220 3
Tables 1–3 shows the detailed information of these three layers. Rn, CPn, mn, Pn are four variables participating in the
optimization. The D is the thickness of each layer, l is the conductivity of each material. According to these two indicators, we
can get the thermal resistance Rn of the layer n. CPn is the heat capacity of layer n, mn is the areal density of layer n. The price
information is obtained from the largest e-commerce website Alibaba.

2.2. Design mission and fitness functions

Due to the relative complexity and difficulty of high-dimensional optimization [12], the present study takes three
objectives to do the optimization. Speaking of specific objectives, there are many criteria for the wall material selection:
building energy consumption, embodied energy, the mould risk [13], constructability, etc. Which objectives are more
necessary and urgent? Among them, the energy efficiency, strongly dependent on the thermal behaviour of walls, is the most
strengthened aim in construction codes all over the world. It is the reason why there are so many wall thermal calculators in
the market, which have been introduced in the first chapter. Because the wall thermal behaviour is typically decided by both
thermal resistance and heat capacity [14], total U value (thermal transmittance) and the total heat capacity are two main
objectives pursued in the current study. Meanwhile, the full price is chosen to make the current study closer to real design
projects. In conclusion, the design mission herein is to find the best one from 399 solutions of material combination, with
regard to three performance objectives: total thermal transmittance, total specific heat capacity, and full price. Detailed
information will be discussed in the following paragraphs.

The U value was first introduced to lessen internal condensation and then changed mainly to conserve the fuel and power
[15]. Smaller U value can save more energy. For commercial usage, the U value calculations are made according to ISO
Table 1
Information of ECP layer.

Names d (mm) l1(W/m�K) R1(m
2�k/W) CP1(kj/kg�K) r1(kg/m

3) m1(kg/m
2) P1(CN¥/m

2)

A1 40 0.53 0.08 1.05 75 3 350
A2 50 0.53 0.09 1.05 75 3.75 380
A3 60 0.53 0.11 1.05 75 4.50 400

Table 2
Information of insulation layer (B1-B7: XPS, B8-B11: EPS, B13-B19: PU).

Names D (mm) l2(W/m�K) R2(m2�k/W) CP2(kj/kg�K) r2(kg/m
3) m2(kg/m2) P2(CN¥/m2)

B1 20 0.03 0.67 5.35 25 0.50 9.60
B2 25 0.03 0.83 5.35 25 0.63 12
B3 30 0.03 1 5.35 25 0.75 14.40
B4 35 0.03 1.17 5.35 25 0.88 16.80
B5 40 0.03 1.33 5.35 25 1 19.20
B6 45 0.03 1.50 5.35 25 1.13 21.60
B7 50 0.03 1.67 5.35 25 1.25 24
B8 30 0.04 0.75 2.41 18 0.54 12
B9 40 0.04 1 2.41 18 0.72 16
B10 50 0.04 1.25 2.41 18 0.90 20
B11 60 0.04 1.50 2.41 18 1.08 24
B12 70 0.04 1.75 2.41 18 1.26 28
B13 20 0.02 1 4.77 30 0.60 11.20
B14 25 0.02 1.25 4.77 30 0.75 14
B15 30 0.02 1.50 4.77 30 0.90 16.80
B16 35 0.02 1.75 4.77 30 1.05 19.60
B17 40 0.02 2 4.77 30 1.20 22.40
B18 45 0.02 2.25 4.77 30 1.35 25.20
B19 50 0.02 2.50 4.77 30 1.50 28

Table 3
Information of ALC Layer.

Names D (mm) l3(W/m�K) R3(m
2�k/W) CP3(kj/kg�K) r3(kg/m

3) m3(kg/m
2) P3(CN¥/m

2)

C1 150 0.16 0.93 1.13 520 78 75
C2 175 0.16 1.09 1.13 520 91 87.50
C3 200 0.16 1.25 1.13 520 104 100
C4 225 0.16 1.41 1.13 520 117 112.50
C5 250 0.16 1.56 1.13 520 130 125
C6 275 0.16 1.72 1.13 520 143 137.50
C7 300 0.16 1.88 1.13 520 156 150
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6946:2017, as function 1 and function 2 illustrated. R is the total resistance of the whole wall while R1 to R3 is the thermal
resistances of three layers respectively. Ri and Re stand for the internal and external surface thermal resistances. For a vertical
wall exposing to the air, Ri is 0.11 while Re is 0.14.
R ¼ R1 þ R2 þ R3 ð1Þ
U ¼ 1
Ri þ R þ Re

ð2Þ
Heat capacity (thermal capacity) [J/(kg*K)] is a measurable physical quantity. It equals the ratio of the heat added to an
object to the resulting temperature change. Therefore, a wall has more moderate temperature variations if it has a higher
heat capacity. The total heat capacity of a wall can be calculated according to the Functions 3 and 4.
CPn ¼ mn � Cn
n ð3Þ
CP�total ¼
m1

mtotal

� �
CP1 þ m2

mtotal

� �
CP2 þ m3

mtotal

� �
CP3 ð4Þ
The total cost of the wall is a sum of all three layers’ prices, in the unit of Chinese Yuan per square meter. Apparently, the
lower the wall price, the better. In conclusion, we should minimize the U value (Function 5) and the financial cost (Function
7), while maximizing the heat capacity (Function 6).
U ¼ 1
0:25 þ R1 þ R2 þ R3

ð5Þ
CP�total ¼
m1

m1 þ m2 þ m3

� �
CP1 þ m2

m1 þ m2 þ m3

� �
CP2 þ m3

m1 þ m2 þ m3

� �
CP3 ð6Þ
Ptotal ¼ P1 þ P2 þ P3 ð7Þ
3. Implementation in Spyder with the KNN algorithm

3.1. Spyder and KNN algorithm

Python is a popular coding language with a broad application, so its basic information will not be repeated herein.
Spyder is an open source platform for Python programming (Fig. 2), offering a remarkable integration of editing, analysis,
Fig. 2. The interface of Spyder.
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debugging, data exploration, interactive execution, deep inspection, and visualization. Besides software, the mechanism of
method 1, the kernel-nearest neighbours (k-NN) algorithm, should be introduced before conducting the optimization
process.

First coined by Cover and Hart [16], the k-NN algorithm is a non-parametric method to solve classification problems. It
chooses several nearest samples as references to classify unknown ones. Firstly, distances between all known samples and
the testing sample are calculated. Next, k (the number of) closest reference samples are chosen and checked which class they
belong to, and then based on the majority rule, unknown samples are put in the specific sort. Though its result is sensitive to
the k value set by people, the k-NN is a simple algorithm easy to be realised. More detailed information about k-NN can be
found in other specific studies.

3.2. Optimization and results

What has been discussed above is the supervised classifying function of k-NN, but it is used here only for finding the
nearest point. Initially, all 399 solutions are plotted as dots in the space composed by the total U value, the total heat capacity,
and the total cost (Fig. 3). To be on the same scale with the other two extremely smaller parameters, material costs are
reduced one thousand times. This action would not influence the solution finding because every solution is scaled at the
same time with the same ratio.

Afterwards, authors could find the reference point (green point in Fig. 3), which has the minimum U value and the total
price, but the maximum value of the heat capacity. It does not exist among the 399 points but an assumed point with its
values from different solutions. The nearest point to this referencing one is the ideal solution searched for, which satisfies
predefined objectives. In the present study, the defaulted uniformity on three axes means those three objectives have the
same weighting factor.

Meanwhile, all the data is transformed into a fast indexing structure with the Ball-tree algorithm, which uses hypersphere
to bound the Euclidean space [17]. It can find the nearest point faster than its counterparts as Brute force or KD tree.
Afterwards, all the obtained distances are sorted, and the desired solution is illustrated as a green dot in Fig. 3. The obtained
optimal solution is a combination of materials A1-B19-C2 (Table 4). Its total U value is 0.26, while the heat capacity is 1.18,
with a price totalling to 465.5 Chinese yuan. The whole code of this finding process is given in the appendix.

4. Implementation in Grasshopper with an evolutionary algorithm

4.1. The software environment and the SPEA2

Besides the first approach introduced above, authors also tried to implement the idea using another method, which is
mainly based on the Grasshopper, a built-in plugin of the 3D modelling software Rhino for visual programming (Fig. 4).
Developed by Vierlinger [18], the Grasshopper’s extension Octopus is the optimizer herein. The Octopus is the most
accessible and popular multi-objective optimizer for architects. It has been downloaded more than 20,000 times on the
website food4Rhino, which offers Grasshopper plugins.
Fig. 3. The optimal result found with the k-NN.



Table 4
The optimal combination (A1-B19-C1) found by the K-NN.

Names D (mm) ln(W/m�K) Rn(m2�k/W) CPn(kj/kg�K) rn(kg/m
3) mn(kg/m2) Pn(CN¥/m2)

A1 40 0.53 0.08 1.05 75 3 350
B19 50 0.02 2.50 4.77 30 1.50 28
C2 175 0.16 1.09 1.13 520 91 87.50

Fig. 4. Software environment of the method 2.
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Unlike the first method directly taking the point closest to the pre-defined ideal solution is the best one among the
alternatives, Octopus offers a Delaunay Pareto mesh, a surface composed of all Pareto solutions. Two terminology words
need to be explained herein. A Delaunay triangulation for a set of discrete points in a plane is a triangulation such that no
point from that set is inside the circumcircle of any triangle. The concept of Pareto-solution is that one solution is impossible
to be relocated to make any one individual or preference criterion better off without making at least one individual or
preference criterion worse off. We also can call the Pareto solution a non-dominated solution.

The optimization engine incorporated by the Octopus is the evolutionary algorithm SPEA2. SPEA is the acronym for
Strength Pareto Evolutionary Algorithm, which was first proposed by Zitzler and Thiele [19] to find the Pareto-optimal set. An
improved version namely SPEA2 was developed three years later, by integrating an improved fitness assignment scheme, a
nearest neighbour density estimation technique for more precise search guidance, and a new archive truncation method.
More detailed information of the SPEA2 could be found in that original publication written by Zitzler et al. [20].
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4.2. Optimization model and results

Before starting the optimization process, a model needs to be built, correlating material properties with selection
objectives. First of all, the material information is imported into Grasshopper as 15 panels (Fig. 5a, left). The first column is
the materials’ names, and the left four columns are information of four related variables Rn, CPn, mn, and Pn. The first row is
the information of ECP layer materials, while the other two rows are the insulation layer and the ALC board respectively.
Afterwards, they are exported into the data structure type of list (Fig. 5a, right). Meanwhile, from these lists, the specific
material information is indexed by three number sliders (Fig. 5b). Indexes from three sliders are encoded as genes in the
Octopus (Fig. 5c, red lines), and one batch of them compose a chromosome for the evolutionary algorithm. Meanwhile, by
calculating data from lists, three fitness functions produce three results. These three results are fed back to the Octopus
(Fig. 5c, dark green lines) to guide the optimization process. At the same time, results from three fitness functions make up a
point in the design solution space, and these spots are sent to the Octopus as the phenotype (solution appearance or
properties). Designers can reinstate any solution from the Octopus interface and exhibit it (Fig. 5d). At last, a monitoring
system is designed to record how many solutions have been calculated (Fig. 5e).

The population size in the current case study is set at 50, and the algorithm stopped at 21 generations, after investigating
315 solutions. The optimization result is shown in Fig. 6. Cubes in the opaque dark red stand for those non-dominated
solutions, while ones in transparent red are dominated solutions but still belonging to the Elite. Transparent yellow cubes are
elite solutions from the history, the more transparent, the older. As introduced in chapter 4.1, a Pareto mesh is generated with
the dark grey colour. This mesh is composed of Pareto solutions (non-dominated ones). More balanced on simultaneously
pursuing three objectives, four preferred solutions are selected by authors and marked with yellow spheres. Besides the
combination A1-B19-C2 which was also found by method 1, the other three alternatives are A1-B19-C1, A1-B18-C1, and the
A1-B18-C2. Due to the fact that these alternatives only have small differences on three objectives, designers can select any
one of them based on personal preferences.

4.2.1. Usability test and discussions
To test the usability of these two methods, the current authors organized an online workshop with architects. All 15

participators had an architecture bachelor degree, and one-third of them had a master degree. Meanwhile, they all had 1–3
years working experience and also basic Grasshopper skills. The whole workshop was composed of three stages. During the
first stage, architects were required to manually find an optimal material combination, with the same objectives in this case
study. In the second phase, participators were asked to conduct the same mission but using the code provided by method 1
and method 2. Results from stage 1 and stage 2 were compared, concerning their compliance with three objectives and also
the time consumption.

Confirmed by results from the workshop, method 2 is much more impressive than the manual approach and method 1. By
using the manual approach, only two architects found a solution belonging to the preferred four solutions obtained in the
Fig. 5. The optimization model coded in Grasshopper.



Fig. 6. Optimization results by the method 2.

8 S. Zhao / Case Studies in Construction Materials xxx (2018) e00220
previous chapter. Even with this result, the average time consumption of using the manual approach was half an hour more
than later methods. In the last stage, participators were asked to fill out a questionnaire about their evaluation of this
method. All people deemed that method 2 is architect-friendly and easy to operate. The main reason is that they are more
familiar with the Grasshopper interface and the visual programming language. Meanwhile, the mathematic mechanism of
the genetic algorithm, used in method 2, is easier to be roughly understood.

Although more efficient and architect-friendly than the manual approach, method 2 is still computationally inefficient
compared to method 1, which only cost one second to complete the mission. If alternative material combinations increase,
the computation time of method 1 will remain the same but the time of method 2 will rise. The reason is that Grasshopper’s
advancement is parametrically modelling the geometry, rather than purely managing the data. However, method 2 can
integrate more related design issues. For example, we can draw the wall layer geometry in Rhino, assign materials in
Grasshopper, also run the heat transfer analysis software THERM through the interface in Grasshopper, and then load
simulation results directly in Rhino.

5. Limitations and future opportunities

There are several limitations of the current study, which also means research opportunities to enhance it. Firstly, the
present case study takes the simplest case of a pre-fabricated wall, with only three material layers. In future, this method will
be applied to walls with more layers, such as walls with a moisture barrier, etc. Moreover, not only walls, roofs and other
building components can also be executed.

Meanwhile, more objectives will be integrated to find the optimal combination, for instance, time delay and decrement
factor of the envelope [21,22], condensation risks, and also the mould-risk. It is possible to integrate these extra objectives.
However, the visualization of high-dimension multi-objective optimization is more difficult. Meanwhile, the trade-off
between incorporating more objectives and the increase of computation cost will be discussed first.

Speaking of the research method, only two algorithms are executed and compared herein. However, there are more
algorithms can be utilized for this study, such as the Bubble Sort, Insertion Sort, etc. More research experiments will be
conducted on this aspect.

6. Conclusions

Optimization technology is maturely utilized in other fields, but optimization studies on the architecture design are rarely
applicable to different design projects. Meanwhile, the most precedent studies are not easy nor practical for common
architects to use in design projects. Therefore, the current study utilizes the most available tools and simple algorithms to
realize the material designation automatically. To obtain the optimal material combination, four parameters of material
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characteristics are correlated with three objectives. Authors experiment on this work with two different implementation
methods: k-NN in Python and the SPEA2 in Grasshopper. These two methods were compared with the manual approach
through a usability test workshop, and future opportunities are also highlighted.

The paradigm shift from manual selection to automatic finding reduces architects’ repetitive work and helps them get
better results. The current research has significance in filling the gap between the application of multi-objective
optimization and architects’ knowledge inadequacy.
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