International Journal of Architectural Engineering & Urban Planning, Volume 33, Number 3, 2023
DOI: 10.22068/ijaup.802

Review Paper

A Systematic Review of Multi-Objective Optimization Methods of Building
Energy Performance

Ali Izadi !, Shahram Minooee Sabery 2, Forough Farazjou 3, Haniyeh Sanaieian 4*

1 School of Architectural and Environmental Design, University of Science and Technology, Tehran, Iran
2 School of Architecture, University College London(UCL)
% Engineering Faculty, Islamic Azad University, Hashtgerd Branch, Hashtgerd, Iran

4 School of Architecture and Environmental Design, Building, and Environment Research Laboratory, Iran
University of Science and Technology, Tehran, Iran

Received: June 2023, Revised: December 2023, Accepted: October 2023, Publish Online: December 2023

Abstract

In recent years, increasing attention has been given to improving the energy efficiency of buildings in order to
reduce their environmental impact and operational costs. As a result, multi-objective optimization methods have
become an important tool for optimizing building energy performance. This research reviews building
performance analysis approaches in a comparative method and results in a systematic overview of the existing
multi-objective optimization methods used in the field of building energy performance. This review covers a wide
range of optimization techniques, including genetic algorithms (NSGA-II), evolutionary algorithms, particle
swarm intelligence algorithms, and other metaheuristic approaches. Furthermore, the review provides a
comprehensive analysis of the strengths and weaknesses of each method in different fields such as daylight,
ventilation, and thermal performance analysis. In order to achieve the aims of the research alongside reviewing
the Scopus scientific database, various relevant studies were investigated. Eventually, this study provides.
Eventually, this review identifies gaps in the literature potential in research directions and proposes multiple ways
for future research.

Keywords: Multi-objective Optimization, Building envelopes, Thermal Performance, NSGA-I1, Genetic Algorithm.

1. INTRODUCTION

In recent decades, computational tools unlocked
various potentials to solve complex engineering
problems which was not possible with conventional
approaches. The parametric simulation method can be
employed to improve building performance (Nguyen,
Reiter, and Rigo 2014). This approach enables the
researchers to test effective variables one by one and
observe the end results (Kaastra and Boyd 1996).

The simulation environment brings the advantage
of targeting a specific variable in an iterative testing
process in order to identify the building element's
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behavior. This is important as this behavior can be
non-linear, multidimensional, and dependent on
multiple factors. Parametric methods can be used to
achieve an optimal solution by considering multiple
factors and handling large amounts of computation
using the machine’s power. The computer-building
model is usually “solved” by iterative methods, which
creates an infinite sequence of better approximations
toward a solution that satisfies an optimality
condition. These methods are often automated through
computer programming because of their iterative
nature and are commonly referred to as "numerical
optimization" or "simulation-based optimization."
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Since the late 1980s and early 1990s, Numerical
optimization received significant attention with
computer science advancements that have led to
mathematical optimization methods (Gallopoulos,
Houstis, and Rice 1994). From then, the combination
of building energy simulation with algorithmic
optimization was studied. However, publishing the
studies was started in the late 2000s (Touloupaki and
Theodosiou 2017).

The trend continued after 2000 and has grown
every year and nowadays it is been utilized in the field
of architecture and energy performances. Climate
change concerns in recent years and the energy crisis
resulted from political conflicts, this trend will
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continue to grow at least for the upcoming decade.
(Figure 1) shows the number of published studies in
this field in the Scopus scientific database.

Although building performance analysis with
simulation-based optimization algorithms was studied
for almost three decades, it has not been reviewed in a
comparative model that distinguishes the different
optimization algorithms. This paper highlights the
features, limitations, advantages/disadvantages of
these algorithms as well as their potential applications
in building science. The outcome of this overview can
guide future research in building performance
analysis and optimization.
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Fig 1. Multi-Objective Optimization and Building Energy based on Scopus scientific database
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Fig 2. Multi-objective optimization used in several fields on the Scopus scientific database
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2.  OPTIMIZATION IN
SIMULATION

BUILDING

The term "optimization" is commonly used to
describe the process of making something as efficient
and effective as possible, for instance, in the context
of a design, system, or decision. In mathematics,
statistics, and other sciences, mathematical
optimization involves finding the best solution to a
problem from a set of available alternatives.

Here’s a proofread version of your text:

In building performance simulation (BPS),
optimization doesn’t always refer to achieving the
globally optimal solution(s) to a problem. This is
because BPS problems are often complex, and finding
all possible solutions may not be achievable. Instead,
optimization in BPS generally aims to find feasible
solutions that satisfy specific criteria and constraints.
However, due to non-linearities inherent in BPS
modeling, the exact optimal solution(s) It may not be
possible to achieve the desired outcome due to
limitations in available resources or time constraints.
(Bafios et al. 2011).

It is generally accepted within the simulation-based
optimization community that the term "optimization"
outlines an automated process that relies solely on
numerical simulation and mathematical optimization
techniques. However, there are studies that have used
the term ‘optimization’ to describe an iterative
improvement process that uses computer simulation to
achieve sub-optimal solutions (Anon n.d.-j).

Optimization algorithms have been used in
building science since the 1960s in order to enhance
building performance and reduce costs. With
advancements in optimization methods, new
algorithms were introduced in the 1970s, and the use
of optimization algorithms gained importance in the
1990s with the progress of computer technology
(Wang and Zhai 2016).

In the 2000s, optimization algorithms became a
key area for improving building performance and
lowering energy consumption with the widespread use
of intelligent systems. Optimization algorithms are
now employed online and in real-time with the
development of monitoring and computing device
technology, making them a crucial field in the
construction industry.

In linear optimization, the objective is only one
problem. But in real problems, we may need to
consider several issues together to approach the
optimal state. For instance, In the field of building
design, various topics such as daylight optimization,
energy consumption, and natural ventilation are
considered. In such cases, different objectives may
conflict with each other and optimization of one

objective reduces the improvement of other
objectives. Multi-objective optimization allows the
designer to find the best balance between different
objectives among a set of options and, in this way,
achieve multiple solutions to the problem that all
optimally respond to the desired objectives.

Also, in problems that are non-linear and cannot be
simplified to become linear, it is useful to use multi-
objective optimization. For example, in building
energy optimization, it might be necessary to consider
a series of objective variables and find the best balance
between them according to the constraints of the
problem.

“Computational optimization” in building refers to
optimizing the performance of various building
systems using computational methods and
optimization algorithms (Anon n.d.-d). The goal of
optimization in buildings is to reduce -energy
consumption, (Anon n.d.-f) improve the quality of
indoor and outdoor air, lower costs, and enhance the
comfort and health of occupants. Building
optimization is achieved through the optimization of
different building systems such as air conditioning,
lighting, water systems, heating systems, energy-
efficient systems, and others. These methods employ
mathematical models and computer simulations and
algorithms such as Genetic or SPE A-2 algorithms to
optimize various building systems by using sensor
data and environmental information.

2.1. Single and multi-objective optimization

Single-objective and multi-objective are two
different approaches in optimization targets same goal
(Deb and Deb 2014).

In single-objective optimization, the main goal is
to obtain the best value of an objective variable. Given
an objective function and a limited set of variables, the
goal of single-objective optimization is to find the
value of the variables that maximizes or minimizes the
objective function. In this method, only one target
variable is considered, and to obtain its optimal value,
all other variables are assumed to be constant.

But in multi-objective optimization, more than one
objective variable is considered, and the goal of
optimization is to find a set of variables that
simultaneously maximize or minimize all objective
variables. In this method, multiple target variables are
related to each other, making it necessary to consider
all of them simultaneously for optimization.
Therefore, to obtain the best solution, all target
variables should be considered and optimized
simultaneously.

One of the important reasons for using multi-
objective optimization is that often in real-world
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complex environment, problems have more than one
objective. For example, in designing a system, several
objectives such as performance, cost, and safety must
be considered simultaneously.

The objectives in solving multi-objective
optimization problems are:

To retain non-dominated points in the objective
space and their corresponding solution points in the
decision space.

To continuously make algorithmic advancements
towards the Pareto front in the objective function
space.

To sustain a variety of points on the Pareto front
and a range of Pareto optimal solutions in the decision
space.

To offer decision makers and designers an ample
yet restricted selection of Pareto points. (Chiandussi
et al. 2012).

In general, multi-objective optimization can be
applied both scientifically and practically in numerous
fields, including engineering, computer science,
building science, and economics, to enhance and
optimize various processes and systems (Konak et al)
(Konak, Coit, and Smith 2006)

3. MAJOR OPTIMIZATION ALGORITHMS

There are various methods used for multi-objective
optimization. Through an investigation of different
research studies, it can be concluded that five major
optimization algorithms are dominant:

1. Non-Dominated Sorting Genetic Algorithm
(NSGA-II)

2. Strength  Pareto  Evolutionary ~ Algorithm
(SPEA-II)

3. Multi-Objective Particle Swarm Optimization
(MOPSO)

4. Multi-Objective
(MODE)

5. Multi objective Optimization Evolutionary
Algorithms (MOEAS)

Differential Evolution

3.1. Non-dominated Sorting Genetic Algorithm Il
(NSGA-II)

A well-liked and frequently used evolutionary
algorithm for multi-objective optimization is NSGA-
II. Holland created the genetic algorithm (GA) in the
1970s. Darwin's theory of natural selection and
Mendel's theory of genetics served as the foundation
for this optimization technique. The method is based
on "natural selection and survival of the fittest" and is
highly parallel, unpredictable, and adaptive (Holland
1992).

The solutions in a genetic algorithm often replace
the initial variables with a code. A solution is typically
represented by a chromosome, which is a string of bits.
Genes are the names for each bit position, and alleles
are the values that each gene represents. With
advancements in computer technology, genetic
algorithms (GAs) are now widely employed in various
fields, including pattern recognition, image
processing, neural networks, optimal control, and
more. The GA has also been used in a number of
building studies, including online optimization
(Coffey 2008), HVAC system controls optimization
(Huang and Lam 1997), and optimization of green
building design (Wang, Zmeureanu, and Rivard 2005).
hese experiments have proven that GA is quite
effective even when dealing with non-differentiable
functions. When compared to the baseline scenario, it
has demonstrated its effectiveness.

NSGA-II is an evolutionary algorithm.
Evolutionary algorithms were created as a solution to
the issues that the traditional direct and gradient-based
techniques have when dealing with non-linearities and
complicated interactions:

e The initial choice of solution determines whether
convergence to an ideal solution occurs.

e Most algorithms have a propensity to remain in a
non-optimal state (Calle 2017).

Figure 4 provides an illustration of this
circumstance. The points that will increase the
diversity of the selected points are chosen rather than
arbitrarily eliminating some members from the
previous front.

NSGA-II is a second-generation genetic algorithm
that assesses the population's fitness using a non-
dominated sorting technique. Fast non-dominated
sorting, quick crowded distance estimation, and a
straightforward crowded comparison operator are its
three unique specification (Anon n.d.-a). Based on
numerous solutions' Pareto-dominancy, NSGA-II
assigns them into several non-dominated fronts using
a quick and effective sorting technique. To produce
new offspring and preserve population variety, it
engages in selection, crossover, and mutation
processes. The application of NSGA-II to building
energy optimization issues has proven successful
(Mane and rama narasingarao 2021). The details
phases of the Non-dominated Sorting Genetic
Algorithm II (NSGA-II) are shown in Fig. 5 (Yusoff,
Ngadiman, and Zain 2011)
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Fig 3. Multi Objective Optimization used in Building Energy field on Scopus scientific database
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3.2. Strength Pareto Evolutionary Algorithm
(SPEA-II)

A variety of non-dominated solutions are sought
after by the multi-objective evolutionary algorithm
SPEA-II. By truncating and managing the archive set,
Zitzler's SPEA2 is an improved form of SPEA that can
produce an orderly-distributed Pareto solution. (Anon
n.d.-i). One effective multi-objective evolutionary
algorithm is SPEA, which has a small number of
configuration parameters, quick convergence, strong
robustness, and evenly distributed solution sets. It has
been used in a variety of multi-objective planning
domains in both academic and industry settings.
SPEA2+ was applied in the quality performance
conceptual design domain by Zhe Wei, Yixiong Feng,
Jianrong Tan, and others. Effective references can be
obtained by the Pareto optimum set based on the fuzzy
set theory [8]. However, localized solution sets are a
drawback of SPEA2. However, SPEA2's use in DG
coordination and optimization in a distribution
network is rarely investigated (Wei et al. 2009).

The algorithm keeps track of a population of
potential answers and assesses the fitness of each one
using both objective function values and density
estimates. The density estimates calculate the
separation between each solution and its closest
population neighbors, and the goal function values
show how well each solution performed relative to the
various objectives. A two-tiered fitness assignment
system, including both raw fitness and environmental
fitness, is used by the SPEA-II algorithm. The
environmental fitness is determined based on density
estimations, whereas the raw fitness is generated
based on the number of solutions that dominate a
particular candidate solution. While the environmental
fitness is used to choose solutions for reproduction, the
raw fitness is used to rank the solutions within the
population. When replicating, the algorithm (Shi and
Lee 2015). Fig. 6 demonstrated the specific steps of
the Strength Pareto Evolutionary Algorithm.

3.3. Multi-Objective Particle Swarm Optimization
(MOPSO)

Xue and Zhang (Xue, Zhang, and Browne 2013)
investigated the use of MOPSO in feature selection
problems and suggested two variants of MOPSO
called NSPSOFS and CMDPSOFS by incorporating
the ideas of crowding, mutation, and dominance for
the former and non-dominated sorting for the latter.

Finding a set of non-dominated solutions that
represent the Pareto front - the best trade-off between
various objectives is the end-goal of MOPSO. Each
potential solution is rated according to its quality and
diversity using the fitness function employed by
MOPSO. A solution's quality is determined by its
objective function values, whereas its variety is
determined by how far away it is from other solutions
in the population (Han et al. 2021).

MOPSO uses a number of operators to update each
particle's position and velocity during optimization in
order to accomplish the mentioned goal. The global
best operator updates a particle's position based on the
best-known solution of the entire swarm, while the
personal best operator does so based on the particle's
best-known solution. Multiple particles are combined
by the differential evolution operator to produce fresh
candidate solutions that can be utilized to modify the
present particle's position (Lalwani et al. 2013).

Additionally, MOPSO employs a method known as
crowding distance to keep the population's diversity of
solutions. The density of solutions around each
candidate solution is measured by crowding distance,
which enables the algorithm to concentrate on
examining the less-explored areas of the search space
(Clarke and McLeskey 2015).

MOPSO has proven to be successful at resolving
complex optimization issues with a variety of
competing objectives. The technique can handle
complex optimization issues and is scalable. However,
when dealing with specific sorts of optimization
problems, it may experience problems including early
convergence, stagnation, and sluggish convergence.
The MOPSO algorithm's flowchart, which is based on
a dominance criterion, is shown in Figure 7.
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Fig 6. Details steps of Strength Pareto Evolutionary Algorithm (SPEA-II) (Anon n.d.-c)
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3.4. Multi-Objective Differential Evolution (MODE)

Babu and Jehan (Fan, Wang, and Yan 2017)
presented Multi-Objective Differential Evolution
(MODE). The algorithm eliminates the dominating
answers from the population after every generation.
Therefore, the population size decreases with each
generation. If the children outnumber the parents, they
are integrated into the population. On the test
problems, the algorithm performed well, however,
there weren't many answers that weren't dominated
(Adeyemo and O. Otieno n.d.).

Numerous operators and tactics are put out to
address algorithms' drawbacks and enhance their
performance with the development of MODE.
A multi-objective differential evolution algorithm was
created by (Anon n.d.-b). The new principle is utilized
to replace the crossover operation in the original DE
in order to increase population diversity. In order to
increase the diversity of offspring, Qu (Qu and
Suganthan 2011) created the diversity-enhanced
multi-objective differential evolution algorithm
(DE-CMODE), which combines a varied memory
bank with current populations. (Bi and Xiao 2011)
developed an upgraded MODE with adaptive
parameter management approach to speed up
convergence and get a better-distributed model (Fan
et al. 2022).

A set of Pareto-optimal solutions that represent a
trade-off between the various objectives are the output
of the MODE algorithm.

3.5. Multi objective Optimization Evolutionary
Algorithms (MOEASs)

They are frequently used to resolve MOPs due to
their population-based nature, which allows them to
deliver the whole set of trade-off solutions in a single
run. The three main operators that MOEAs use to try
to do this are mating selection, recombination, and
environmental selection (Anon n.d.-e).

The algorithm works by creating a population of
potential solutions, which is then evolved toward
better answers using evolutionary operators including
mutation and crossover. The main benefit of MOEA
over other optimization methods is its capacity to
manage several competing objectives concurrently
without forcing the user to explicitly identify trade-
offs between them.

This makes it the perfect instrument for
maximizing intricate building systems with numerous
conflicting goals (Zhang and Li 2007). Building
envelope design, HVAC system optimization, and the
incorporation of renewable energy sources are just a
few applications of the building science for which
MOEA has been effectively used. Researchers and
engineers can rapidly explore a wide design space and
find the best solutions balance multiple objectives by
utilizing MOEA (Deb 2001). Many MOEAs have
adopted different technical aspects, most of them share
a common framework, as shown in Fig.8.
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Fig 8. The general frame work of MOEAs(He et al. 2019)
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4. CONCLUSION

The majority of real-world problems, such as
design, scheduling, modeling, optimization, etc., are
inherently multi-objective optimization issues. The
optimized goals encompass everything from material
or fuel consumption, production, operation and
maintenance costs, capital and investment, product
yields, product quality indices, and profits to energy
efficiency, energy consumption, and pollutant
emissions (primarily greenhouse gas emissions) like
CO2, SO2, etc.

The trade-off between various competing and
cooperative purposes presents one of the major
challenges in the solution of multi-objective
optimization problems. Finding a solution that renders
one goal ideal may cause another goal or goals to
suffer unfavorable outcomes. Since the multi-
objective issue was first put out, an increasing number
of scholars have worked to resolve it using efficient
techniques and have come up with workable optimal
solutions.

This paper offers a comprehensive analysis of the
multi-objective optimization techniques now in use in
the field of building energy performance. The review
discusses numerous optimization methods, such as
genetic  algorithms  (NSGA-II),  evolutionary
algorithms, particle swarm intelligence algorithms,
and other metaheuristic methods. The review also
offers a thorough examination of the advantages/
disadvantages of each technique in various contexts,

including thermal performance analysis, ventilation,
and daylighting. Finally, the study points out areas in
the literature where more research is needed and offers
potential directions.

4.1. Non-Dominated Sorting Genetic Algorithm
(NSGA-11)

The Non-Dominated Sorting Genetic Algorithm
(NSGA-II) method is the most frequently used
technique, according to studies. The table below lists
some of the most significant studies conducted in this
field. The methodology for identifying the
publications has been based on the thermal behavior
of buildings and the types of algorithms employed.

China and Iran have the most studies in this area,
and the trend of adopting this algorithm has
significantly increased between 2009 and 2022.

4.2. Others algorithms

Although NSGA has been used much more than
other optimization techniques for studying the energy
consumption of buildings, researchers are now
attempting to replace it with other methods due to its
weaknesses. In place of NSGA, researchers have
increasingly utilized MODE, which addresses
multiple concurrent issues with different algorithms.
The output of the MODE algorithm comprises a set of
Pareto-optimal solutions that demonstrate a trade-off
between various goals.

Table 1. A List of Well-Known Non-Dominated Sorting Genetic Algorithm (Nsga-li)

Names Authors Algorithms Method Keyword
l-extract parametric design variables Building envelope-Multi-
(Wu and Wu and (NSGA-IT) 2-modeling and calculation process of objective optimization Energy
Zhang 2022) Zhang building performance 3-process of consumption-Visual comfort-
MOO and data analysis Thermal comfort
(Sharif and optimizin, the ener
Hammad Sharif et al NSGA-II Building Envelope, Renovation P & &y
2019) consumption
Multi-objective optimization-
Genetic algorithm
(Anon n.d.-h) Echenagucia (NSGA-II) minimize th§: energy need for heating Early design . §tage-Bu11dmg
et al coiling and lighting envelope Building energy
optimization-Building energy
performance
(Gossard, genetic using artificial neural networks (ANN) Ke}./w.ordsz Mum_Obj?Ct.We
. Gossard algorithm . . . optimization envelope Building
Lartigue, and with genetic algorithm NSGA-II to
Thellier 2013) et al NSGA-II + solve the problems performance  Energy  degree
ANN Comfort ANN algorithm Genetic
Multi-objective optimization Net
(Adeyemo and  Adeyemo genet.lc zero  energy bgﬂdmg Nog—
Amusan 2022) and Amusan algorithm dominated sorting genetic
(NSGA-II) algorithm  (NSGA-II) Hybrid

renewable energy system Retired
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Names Authors Algorithms Method Keyword
electric vehicle battery Lithium
iron phosphate battery
1-  defining objective functions Multi-objective optimization;
(Gou et al. Gou ANN 2- defining variables 3-multiobjective Artificial neural network; Genetic
2018) et al NSGA-II optimization by coupling NSGA-IIl with  algorithm;  Thermal comfort;
an ANN Energy demand
ML proques 2 novel  multi-obj ect.lve Building information modeling
aleorith optimization strategy for reducing Multi-obiccti timizati
gorithms S g . ulti-objective optimization
(Hosamo etal. Hosamo . energy consumption in buildings while o .
genetic ) . . Building energy consumption
2022) et al . increasing occupant comfort by using . .
algorithm . . . Thermal comfort linear regression
(NSGA-IT) eleven machine learning algorithms and NSGA II
the NSGA II technique
enetic modeling and  multi-optimization Multi-objective optimization
(Gao et al. Gao et al §1 orithm workflow using transient system Climate change Newly retrofitted
2023) (I\%S GA-II) simulation (TRNSYS) and jEPlus + EA office building Energy savings
+ genetic algorithm NSGA-II
(Garcia . Building simulation-Exergy
Kerdan, genetic .o . .
karden . Optimisation-Genetic algorithms
Raslan, and algorithm o .
et al. Building retrofits-Non-domestic
Ruyssevelt (NSGA-II) buildines
2016) g
enetic Climate change-Artificial neural
(Zou et al. genet networks Multi-objective
Zou et al algorithm Lo . .
2021) optimization Genetic algorithm
(NSGA-II) i a
Building performance
in this paper, a multi-objective Multi-objective optimization;
(Zhai et al. . optimization method combining Energy window design; NSGA-II; energy
2019) Zhai et al (NSGA-ID) Plus and NSGA-II is presented to obtain  consumption; thermal
optimal window design solutions environment; visual performance
. Optimization of a passive solar building Passive solar building-Sunspace-
enetic p P & & P
(Vukadinovi¢ ~ Vukadinovi¢ fl orithm with a sunspace was performed using Energy performance
et al. 2021 et al & SGA-II) through Design Builder Multi-objective optimization-
(NSGA-II) & g J P
software coupled to Energy Plus NSGA-II
Green building; Multiobjective
(Yang Der Yang (NSGA-II) optimization; Nondominated
etal. 2017) et al . .
sorting genetic
genetic Multi-objective optimization
(Sayegh Sayegh et al algorithm- Corr}putatlonal thle reduc;tlon
et al. 2023) IT (NSGA- Typical day selection algorithm
1)) Genetic algorithm
Building energy retrofit-Multi-
objective optimization
genetic Building performance
(Rosso Rosso et al algorithm optimization-Building energy
et al. 2020) (aNSGA- optimization-Genetic  algorithm-
1)) aNSGA-II-Energy performance-
Dynamic simulation EnergyPlus-
Mediterranean climate
Multi-objective optimization-
(Ghaderla'm Ghaderian NSGA-II Building energy consumption-
and Veysi and Vevsi aleorithm Thermal comfort-Response
2021) y & surface design-Regression model-
NSGA-II
Building geometry-Shape
(Ciardiello Ciardiello aNSGA-II coefficient-nZEB-BEO  Genetic
et al. 2020) et al algorithm algorithm-Multi-objective

10

optimization
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Names Authors Algorithms Method Keyword
Building design -Energy
(Fabrizio genetic efficiency  Building energy
Ascione Ascione et al  algorithm Zﬁﬁiﬁ?&fmldmﬁdul ti—obje:cetri\g/z:/
ctal. 2019) (NSGA-ID genetic algorithm Cost-optimal
analysis
In this paper, a Matlab code, Whmh can Multi-objective optimization
(Acar, Kaska, run NSGA-II genetic algorithm and o L
NSGA-II . . Building envelope Preliminary
and Tokgoz Acar et al . build an energy analysis program . o
algorithm . design Zero energy buildings
2021) together, was developed. By shortening
L . Turkey
the optimization period
proposes a multi-objective optimization
approach to address the energy design Building envelope-Building
. of the building envelope. A (GA) is energy  optimization  Multi-
(F. Ascione Ascione et al NSGA_H implemented by means of the coupling objective genetic algorithm-Cost-
etal. 2019) algorithm p y ping : & &

’ & between MATLAB® and Energy Plus optimal analysis-Nearly zero
to minimize energy consumption, energy buildings Thermal comfort
energy- cost and discomfort hours (DH)

Building design  optimization
Artificial neural network Multi-
. . NSGA-II objective optimization algorithms
(Sietal. 2019)  Siectal algorithm Performance evaluation of
algorithms Real-world building

design

1-defines the building model in energy

NSGA-II plus 2-introduces the variables and Building energy retrofit-Multi-
(Tavakolan Tavakolan aleorithm creates a parametric model 3- the objective optimization Parallel
et al. 2022) ot al u r;gder objective functions are discussed and computing-Energy efficiency

’ MATLAB formulated 4-performs a multi- Genetic algorithm Energy pricing
objective optimization using NSGA-II policy
algorithm under MATLAB 5

(Samarasingha Building-integrated photovoltaics
lage et al £ Samarasingh NSGA-II (BIPV) Building envelope design
) 6(522) ’ alage et al. algorithm Multi-objective optimization
(MOO) Energy Cost
elite Bi-objective optimization-Energy
(He and Zhang He and strategy consumption Investment cost-
2022) Zhang NSGA-II Public building envelope design e-
algorithm constraint method

Documents by year
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2009
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2013 2014 2015 201s 2017 2018 2019
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Fig 9. NSGA-II and Building Energy per years based on Scopus scientific database
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Documents by country or territory

Compare the document counts for up to 15 countries/territories.
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o
=
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w
=]

40 50 60 70 80 90

Documents

Fig 10. NSGA-II and Building Energy per country based on Scopus scientific database
Table 2. A List of Others Algorithms

Names Authors Algorithms Method Keyword
NSGA-II
(pNSGA-II) compares performance of seven
P commonly-used multi-objective S o
(MOPSO) . o multi-objective optimization;
(Anon Hamdy evolutionary optimization . . .
(ENSES), . . . . algorithms; experimentation;
n.d.-g) et al algorithms in solving the design g . .
(evMOGA), building simulation; comparison
(spMODE-IT) problem of a nearly zero energy
(I\IZOD A) ’ building
(Huang, Distribution  network,  Electric
Fang,and  Huang enetic aleorithm vehicles, Multi-objective
Deng et al & & optimization, Coordinated dispatch,
2020) Advanced genetic algorithm
Building retrofit, Multi-objective
(Asadi Asadi et al Genetic using Artificial Neural Network optimization, Genetic algorithm,
etal. 2014) Algorithm and Gentic algorithm Artificial neural network, Energy
efficiency, Thermal comfort
Parametric behavior map (PBM)
(Kim and ) Climate-adaptive  kinetic facade
Clayton Kim et al ?I)E% ilar:rii thms Multi-objective optimization
2020) ypE alg ’ Building  energy = Daylighting
Dynamic operations schedule
multi-objective optimization
(Fan and Fan and model for a building envelope Building envelope retrofit, multi-
Xia2017)  Xia genetic algorithm  retrofitting plan. The aim of this objective optimization, rooftop PV
study is to improve the energy system, economic analysis
efficiency of existing buildings
multi-objective ptimal building envelope retrofit
(Fan and Fan and optimization plan  for  existing .bul.ldlr.lgs Building envelope retrofit; energy
: . problem was formulated as a multi-objective . -
Xia 2015) Xia . L efficiencys; life-cycle cost.
solved by using optimization problem and solved
MATLAB. in MATLAB
evaluate present situation of rural
residences-prototypical ~ models
will be established based on the
result of investigation-build the Rural residences Prototypical model
(Yao Yao et al SPEA-I rforman timization Transparent  buildin nvel
et al. 2022) aoeta algorithm performance optimizatio anspare uilding  envelope

platform based on energy software
carry out multi-objective
optimization to obtain the optimal
design strategy

Multi-objective optimization

12
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Names Authors Algorithms Method Keyword
hybrid genetic
. algorithm (GA) life cycle assessment (LCA),
(Azari . o g Lo
Azarietal and artificial building envelope, optimization,
etal. 2016) . .
neural networks genetic algorithm
(ANN)
Energy efficiency-Passive strategy-
. . (NSGA-II), comparative analysis to find the Energy  performance  Thermal
glcge(;g; 1r ; ct eCth:lgarl (MOPSO) best solutions and algorithms such ~ comfort-Multi-criteria decision-
’ (MOGA). as MOPSO/ NSGA-II/MOGA Artificial neural networks-Surrogate
model-Metaheuristic algorithms
NSGA-IT and The application O.f the. NS(.}A._H Building design optimization Meta-
(Xu et al. and MOPSO algorithm in building . s
Xu et al MOPSO L > model School teaching buildings
2021) . envelope optimization is Y
algorithm Multi-objective
compared.
proposed a  multi-objective
evolutionary algorithm,
(Yong BBMOPSO-A BBMQPSO-A, to deal w1th .the Bu}ldlpg energy pe.rfoymance, mqltl—
Yong et al . optimization problem of building objective optimization, particle
et al. 2020) algorithm
energy performance and compared swarm, EnergyPlus
with traditional particle swarm
optimization algorithms
l-understanding  the  present
situation of RTBs in north China
and benchmark models of the RTB  Rural tourism  buildings-Multi-

(Zhu, . 2-setting up the simulation-based objective optimization

Wang, and Zhu et al SPEA-2 algorithm . .

Sun 2020) MOO problem by analyzing and Comprehensive performance-
defining the variables 3-running Building shape Window to wall ratio
the MOO  simulation and
analyzing the optimum results

Adaptive Sparrow Multi-criteria optlmlzatl_on,
. renewable energy sources, Adaptive
(Liu and . Search Lo
. Liu and P Sparrow  Search  optimization
Rodriguez . Optimization . . .
Rodriguez . algorithm, cost-optimum evaluation,
2021) Algorithm 1 . o
building energy behavior, building
(ASSOA) . . .
transient simulation

(Chang,

Castro- Building envelope retrofits-Multi-

Lacouture, . . objective optimization

and Chang etal  genetic algorithm Uncertainties- Internet of things

Yamagata Adaptable decision support

2020)

SPEA._ 2, is implemented to School building, energy demand,
optimize the thermal and daylight .

(Zhang Zhang leori performance of school buildings in adaptlve '1therr'nal comfort, usefl'll

etal. 2017) etal. SPEA-2 algorithm 4" limates of China with the 92Ylight illuminance (UDI), multi-

aim to maximize both visual and
thermal comfort

objective optimization, China, cold
climate

4.3. Evaluation Performance of Multi-objective
Algorithms Optimization Methode

The evaluation of meta-heuristic algorithms in
solving large-size problems involves assessing the
performance of four meta-heuristic algorithms:
MOPSO, NSGA-II, SPEA-II, and MOEA/D. This
evaluation is conducted using 15 different large-size
numerical examples. The assessment criteria include
the Number of Pareto Solutions (NPS), Mean Ideal

13

Distance (MID), The Spread of Non-dominance
Solutions (SNS), and CPU Time.

(A) Number of Pareto Solutions (NPS): This
criterion calculates the number of non-dominated
solutions that are obtained each time by applying the
algorithm. According to this criterion, the greater
number of non-dominated solutions shows that the
algorithm works better.

(B) Mean Ideal Distance (MID): This shows the
distance between Pareto points and the ideal point for
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each algorithm. The lower value of this index indicates
the superiority of the algorithm.

(C) The Spread of Non-dominance Solutions
(SNS): This criterion calculates the dispersion
between the set of non-dominated solutions that are
obtained by the algorithm, and is calculated by Eq.
The dispersion of the solution is higher and more
desirable for the greater SNS values.

(D) CPU Time: The computational time of the
algorithm is one of the most crucial indicators of the
efficiency of each meta-heuristic algorithm.

N

45%

5%

21% 1%

The result obtained through the implication of
described meta-heuristic algorithms was statistically
analyzed in terms of NPS, MID, SNS, and CPU time
at a 95% confidence interval. This statistical analysis
demonstrated the MOEA/D algorithm as the best
method among applied meta-heuristic algorithms in
terms of NPS and SNS (p-value<0.05). However, the
SPEA-II algorithm performed better in terms of MID
and CPU Time e (p-value<0.05) (!!! INVALID
CITATION !!!) [1]

=] Non-Dominated Sorting
Genetic Algorithm (NSGA-II)

2 Strength Pareto
Evolutionary Algorithm (SPEA-II)

3 Multi-Objective Particle
Swarm Optimization (MOPSO)

4 Multi-Objective Differential
Evolution (MODE)

m5 Multi objective Optimization
Evolutionary Algorithms (MOEAs)

Fig 11. The Frequency use of multi objective methods in researches

Table 3. meta-heuristic methods to evaluate model performance for large size problems

meta-heuristic methods to evaluate model performance for large size problems

MOEA/D SPEA-II

Time MI Time SN MI NP

© SNs T NPs © s D s
35611 186 084 32 16257 085 067 17
24452 190 092 32 16391 105 0.67 19
191.03 247 074 29 13653 076 073 11
14213 179 081 33 9562 090 054 18
19722 109 089 27 13650 0.96 065 16
601.90 171 0.80 27  411.84 069 065 7
29694 202 053 26 19111 0.77 061 16
11293 082 118 23 11207 085 064 16
13050 1.84 071 24 9127 082 065 17
35837 178 068 28 15152 087 0.66 18
11955 203 092 29 6994 085 064 14
99.10 209 087 34 7181 076 068 15
6236 218 082 28 6981 108 066 19
9726 110 075 27 6639 096 057 12
22742 188 085 31 16160 099 052 13
21582 177 0.82 28667 13950 0.88 0.64 152

NSGA-I1 LUSLEID
T(';‘)“e SNS '\g' NPS  Time(s) SSN MID  NPS
19832 091 064 17 14013 024 057 7
21087 093 057 14 19135 033 081 5
18185 082 057 7 47221 185 065 14
11535 106 065 16  80.64 066 079 9
18641 070 068 7 15075 028 110 8
50804 067 067 11 85631 009 096 4
27822 068 067 14 87631 027 091 8
9991 077 057 16 78631 001 100 7
11157 096 054 21 65831 065 080 4
23591 069 070 14 44026 033 096 9
8481 090 062 18 58012 062 076 9
122025 082 063 13 16191 077 074 10
6887 030 106 13 15287 049 082 9
9768 030 108 16  147.90 049 080 5
19236 076 063 9 36283 074 08 7
17949 075 069 13733 47824 052 084 7.667

small, medium, and large sizes are determined based on the model index. If the index of the problem is less than 50 or
60, the problem is considered as small size, for the indexes greater than 80 or 90, the problem is considered as a large size
problem, and indexes between 60-80 demonstrate the medium size problem. A holistic view regarding the importance of
selecting an appropriate solution methodology based on the problem dimension to ensure obtaining the optimum and

accurate solution within the reasonable processing time.
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Table 4. Appropriate solution methodologies based on optimum and accurate solution within reasonable processing

time
Major
optimization  Property Parameters Low Medium High Ideal
methods
v eliti L Max iteration 60 80 100 100
5 o elitist principle Population
£3 c = v diversity preserving Size 50 70 90 90
S & S g mechanism Crossover
§2%5 9  non-dominated solutions 5 > 05 0.7 0.9 05
Q< <—? Z v comparison purposes ercentage
55 v’ solving multi-objective Mutation 0.2 0.4 0.6 0.2
= problems Percer_nage
Mutation Rate  0.01 0.02 0.03 0.01
o v' powerful multi-objective Max iteration 60 80 100 100
§ e‘l/lgorlthmg ngulatlon 50 70 90 90
s= comparison purposes Size
S5« v using external archiveto  Archive Size 80 90 100 90
gy keep the non-dominated Crossover
"'; 2 solutions during the Percentage 05 0.7 0.9 0.9
o E searching process
& E v calculating the fitness and
=D strength values Mutation
% < v" using k-nearest neighbor Percentage 0.1 0.3 0.5 0.5
& strategy to calculate the
density of individuals
Max iteration 60 80 100 80
Population
R Size 50 70 90 90
2 giezios”ory 80 90 100 100
g Inertia Weight 0.1 0.3 0.4 0.1
= Number of
2 Grids per 3 4 5 3
& Dimension
£ Inflation Rate 0.1 0.3 0.5 0.1
g Leader
£ v multi-objective model Selection 0.5 1 2 0.5
g v stochastic, population- Pressure
2 based evolutionary algorithm ~ Deletion
2 Selection 0.5 1 2 2
£ Pressure
o Inertia Weight
2 Damping Rate 0.75 0.85 0.95 0.75
= Personal
lo? Learning 0.5 1 2 2
= Coefficient
S Global
= Learning 0.5 1 2 2
Coefficient
Mutation Rate 0.1 0.3 0.5 0.1

v multicriteria and
multiconstrained algorithms
v multi-objective
optimization

v" non-dominated solutions
v' non-dominated sorting,
ranking, and crowding
distance assignment

Multi-Objective
Differential Evolution
(MODE)

15
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selection and the offspring-

Major
optimization Property Parameters Low Medium High Ideal
methods
v large number of Max iteration 60 80 100 80
a objectives solving complex Population
s ﬁ problems Size 50 70 %0 %0
E= g v" well-converged and well Archive Size 80 90 100 80
N E distributed set of solutions in  Number of
= . . 10 20 30 10
= E a very small computational Neighbors
[o R -
o= time
L8 v/ synergistic manner
3 < v’ Pareto envelope-based
= ? selection algorithm or PESA Crossover
2 = v' non-dominated solutions 0.1 0.3 0.5 0.1
=9 Percentage
S S v less-crowded hyper-box
23
>
L

acceptance operators
v/ comparison purposes

4. DISCUSSION

Future suggestions that will be considered for this
paper encompass various avenues of research and
development:

I) Incorporating fuzzy decision methods and robust
optimization methods to effectively address
uncertainty in the research.

1) Implementing the proposed model in a real-
world case study to evaluate its practical flexibility
and applicability.

This is an essential step that can lead to the
calibration of the proposed model.

IIT) Expanding the scope of objective functions by
considering additional environmental -criteria and
social assessment indicators.

IV) Extending the analysis considering more
effective factors to assess the reliability and quality
indices of the final results.

V) considering the use of the Al-based model with
a higher level of autonomy in analysis.

REFERENCES

Acar, Ugur, Onder Kaska, and Nehir Tokgoz. 2021. “Multi-
Objective  Optimization of Building Envelope
Components at the Preliminary Design Stage for
Residential Buildings in Turkey.” Journal of Building
Engineering 42:102499. doi: 10.1016/j.jobe.2021.
102499.

Adeyemo, Ayotunde A., and Olumuyiwa T. Amusan. 2022.
“Modelling and Multi-Objective Optimization of
Hybrid Energy Storage Solution for Photovoltaic
Powered off-Grid Net Zero Energy Building.” Journal
of Energy Storage 55:105273. doi: 10.1016/ j.est.
2022.105273.

Adeyemo, J. A., and F. A. O. Otieno. n.d. “Multi-Objective
Differential Evolution Algorithm for  Solving

Engineering Problems.” Journal of Applied Sciences
9(20):3652-61. doi: 10.3923/jas.2009.3652.3661.

Anon. n.d.-a. “A Fast and Elitist Multiobjective Genetic
Algorithm: NSGA-II | IEEE Journals & Magazine |
IEEE  Xplore.” Retrieved June 18, 2023
(https://iceexplore.icee.org/document/996017).

Anon. n.d.-b. “A Multi-Objective Differential Evolutionary
Algorithm Based on Spacial Distance | Proceedings of
the 3rd International Symposium on Advances in
Computation and Intelligence.” Retrieved June 19, 2023
(https://dl.acm.org/doi/abs/10.1007/978-3-540-92137-
0_17).

Anon. n.d.-c. “An Improved Strength Pareto Evolutionary
Algorithm 2 with Application to the Optimization of
Distributed Generations - ScienceDirect.” Retrieved
June 18, 2023 (https://www.sciencedirect.com/science/
article/pii/S0898122112000843).

Anon. n.d.-d. “Computational Methods in Optimization
Considering Uncertainties — An Overview -
ScienceDirect.” Retrieved  June 10, 2023
(https://www.sciencedirect.com/science/article/abs/pii/
S0045782508002028).

Anon. n.d.-e. “Hybrid Selection Based Multi/Many-
Objective Evolutionary Algorithm | Scientific Reports.”
Retrieved June 19, 2023 (https://www.nature.com/
articles/s41598-022-10997-0).

Anon. n.d.-f. “Modular Approach to Multi-Objective
Environmental  Optimization of Buildings -
ScienceDirect.” Retrieved June 10, 2023
(https://www.sciencedirect.com/science/article/pii/S09
26580519308088).

Anon. n.d.-g. “Scopus - Document Details - A Performance
Comparison  of  Multi-Objective  Optimization
Algorithms for Solving Nearly-Zero-Energy-Building
Design Problems | Signed In.” Retrieved March 10,
2023

Anon. n.d.-h. “Scopus - Document Details - The Early
Design Stage of a Building Envelope: Multi-Objective
Search through Heating, Cooling and Lighting Energy

16



A Systematic Review of Multi-Objective Optimization Methods of Building Energy Performance

Performance Analysis | Signed In.” Retrieved March 10,
2023

Anon. n.d.-i. “SPEA2: Improving the Strength Pareto
Evolutionary Algorithm - Research Collection.”
Retrieved June 18, 2023 (https://www.research-
collection.ethz.ch/handle/20.500.11850/145755).

Anon. n.d.j.
978.Pdf.”

Asadi, E., M. G. D. Silva, C. H. Antunes, L. Dias, and L.
Glicksman. 2014. “Multi-Objective Optimization for
Building Retrofit: A Model Using Genetic Algorithm
and Artificial Neural Network and an Application.”
Energy and Buildings 81:444-5¢6. doi:
10.1016/j.enbuild.2014.06.009.

Ascione, F., N. Bianco, G. Maria Mauro, and D. F.
Napolitano. 2019. “Building Envelope Design: Multi-
Objective  Optimization to Minimize Energy
Consumption, Global Cost and Thermal Discomfort.
Application to Different Italian Climatic Zones.” Energy
174:359-74. doi: 10.1016/j.energy.2019.02.182.

Ascione, Fabrizio, Nicola Bianco, Gerardo Maria Mauro,
and Giuseppe Peter Vanoli. 2019. “A New
Comprehensive Framework for the Multi-Objective
Optimization of Building Energy Design: Harlequin.”
Applied Energy 241:331-61. doi: 10.1016/j.apenergy.
2019.03.028.

Azari, Rahman, Samira Garshasbi, Pegah Amini, Hazem
Rashed-Ali, and Yousef Mohammadi. 2016. “Multi-
Objective Optimization of Building Envelope Design
for Life Cycle Environmental Performance.” Energy
and Buildings 126:524-34. doi: 10.1016/j.enbuild.
2016.05.054.

Baiios, R., F. Manzano-Agugliaro, F. G. Montoya, C. Gil,
A. Alcayde, and J. Goémez. 2011. “Optimization
Methods Applied to Renewable and Sustainable Energy:
A Review.” Renewable and Sustainable Energy Reviews
15(4):1753-66. doi: 10.1016/j.rser.2010.12.008.

Bi, X. J., and J. Xiao. 2011. “Multi-Objective Evolutionary
Algorithm Based on Self-Adaptive Differential
Evolution.” Jisuanji Jicheng Zhizao Xitong/Computer
Integrated Manufacturing Systems, CIMS 17:2660—65.

Calle, Paul. 2017. “NSGA-II Explained!” Analytics Lab @
ou. Retrieved June 18, 2023
(http://oklahomaanalytics.com/data-science-
techniques/nsga-ii-explained/).

“T40A52-Computational-Optimisation-

Chang, Soowon, Daniel Castro-Lacouture, and Yoshiki
Yamagata. 2020. “Decision Support for Retrofitting
Building Envelopes Using Multi-Objective
Optimization under Uncertainties.” Journal of Building
Engineering 32:101413. doi: 10.1016/j.jobe.2020.
101413.

Chegari, Badr, Mohamed Tabaa, Emmanuel Simeu, Fouad
Moutaouakkil, and Hicham Medromi. 2021. “Multi-

Objective  Optimization of Building Energy
Performance and Indoor Thermal Comfort by
Combining  Artificial ~Neural Networks and

Metaheuristic Algorithms.” Energy and Buildings
239:110839. doi: 10.1016/j.enbuild.2021.110839.

17

Chiandussi, G., M. Codegone, S. Ferrero, and F. E. Varesio.
2012. “Comparison of Multi-Objective Optimization
Methodologies  for  Engineering  Applications.”
Computers &  Mathematics with  Applications
63(5):912-42. doi: 10.1016/j.camwa.2011.11.057.

Ciardiello, Adriana, Federica Rosso, Jacopo Dell’Olmo,
Virgilio Ciancio, Marco Ferrero, and Ferdinando Salata.
2020. “Multi-Objective Approach to the Optimization of
Shape and Envelope in Building Energy Design.”
Applied  Energy  280:115984.  doi:  10.1016/
j-apenergy.2020.115984.

Clarke, Joshua, and James T. McLeskey. 2015. “Multi-
Objective Particle Swarm Optimization of Binary
Geothermal Power Plants.” Applied Energy 138:302—
14. doi: 10.1016/j.apenergy.2014.10.072.

Coffey, Brian. 2008. “A Development and Testing
Framework for Simulation-Based Supervisory Control
with Application to Optimal Zone Temperature
Ramping Demand Response Using a Modified Genetic
Algorithm.”

Deb, Kalyan. 2001. “Multiobjective Optimization Using
Evolutionary Algorithms. Wiley, New York.”

Deb, Kalyanmoy, and Kalyanmoy Deb. 2014. “Multi-
Objective Optimization.” Pp. 403—49 in Search
Methodologies: Introductory Tutorials in Optimization
and Decision Support Techniques, edited by E. K. Burke
and G. Kendall. Boston, MA: Springer US.

Fan, Mingwei, Jianhong Chen, Zuanjia Xie, Haibin
Ouyang, Steven Li, and Liqun Gao. 2022. “Improved
Multi-Objective  Differential Evolution Algorithm
Based on a Decomposition Strategy for Multi-Objective
Optimization Problems.” Scientific Reports
12(1):21176. doi: 10.1038/s41598-022-25440-7.

Fan, Qingin, Weili Wang, and Xuefeng Yan. 2017. “Multi-
Objective Differential Evolution with Performance-
Metric-Based Self-Adaptive Mutation Operator for
Chemical and Biochemical Dynamic Optimization
Problems.” Applied Soft Computing 59:33—44. doi:
10.1016/j.as0¢.2017.05.044.

Fan, Yuling, and Xiaohua Xia. 2015. “A Multi-Objective
Optimization Model for Building Envelope Retrofit
Planning.” Energy Procedia 75:1299-1304. doi:
10.1016/j.egypro.2015.07.193.

Fan, Yuling, and Xiaohua Xia. 2017. “A Multi-Objective
Optimization Model for Energy-Efficiency Building
Envelope Retrofitting Plan with Rooftop PV System
Installation and Maintenance.” Applied Energy
189:327-35. doi: 10.1016/j.apenergy.2016.12.077.

Gallopoulos, E., E. Houstis, and J. R. Rice. 1994.
“Computer as  Thinker/Doer:  Problem-Solving
Environments for Computational Science.” I[EEE

Computational Science and Engineering 1(2):11-23.
doi: 10.1109/99.326669.

Gao, Bo, Xiaoyue Zhu, Jing Ren, Jingyu Ran, Moon Keun
Kim, and Jiying Liu. 2023. “Multi-Objective
Optimization of Energy-Saving Measures and
Operation Parameters for a Newly Retrofitted Building
in Future Climate Conditions: A Case Study of an Office



A, lzadi, Sh, Minooee Sabery, F, Farazjou, H, Sanaieian

Building in Chengdu.” Energy Reports 9:2269-85. doi:
10.1016/j.egyr.2023.01.049.

Garcia Kerdan, Ivan, Rokia Raslan, and Paul Ruyssevelt.
2016. “An Exergy-Based Multi-Objective Optimisation
Model for Energy Retrofit Strategies in Non-Domestic
Buildings.” Energy 117:506-22. doi: 10.1016/
j-energy.2016.06.041.

Ghaderian, Mohammadamin, and Farzad Veysi. 2021.
“Multi-Objective Optimization of Energy Efficiency
and Thermal Comfort in an Existing Office Building
Using NSGA-II with Fitness Approximation: A Case
Study.” Journal of Building Engineering 41:102440.
doi: 10.1016/j.jobe.2021.102440.

Gossard, D., B. Lartigue, and F. Thellier. 2013. “Multi-
Objective Optimization of a Building Envelope for
Thermal Performance Using Genetic Algorithms and
Artificial Neural Network.” Energy and Buildings
67:253-60. doi: 10.1016/j.enbuild.2013.08.026.

Gou, Shaoqing, Vahid M. Nik, Jean-Louis Scartezzini, Qun
Zhao, and Zhengrong Li. 2018. “Passive Design
Optimization of Newly-Built Residential Buildings in
Shanghai for Improving Indoor Thermal Comfort While
Reducing Building Energy Demand.” Energy and
Buildings  169:484-506. doi: 10.1016/j.enbuild.
2017.09.095.

Han, Fei, Wen-Tao Chen, Qing-Hua Ling, and Henry Han.
2021. “Multi-Objective Particle Swarm Optimization
with Adaptive Strategies for Feature Selection.” Swarm
and  Evolutionary Computation 62:100847. doi:
10.1016/j.swevo.2021.100847.

He, Cheng, Shihua Huang, Ran Cheng, Kay Tan, and
Yaochu Jin. 2019. Evolutionary Multi-Objective
Optimization Driven by Generative Adversarial
Networks.

He, Lihua, and Lin Zhang. 2022. “A Bi-Objective
Optimization of Energy Consumption and Investment
Cost for Public Building Envelope Design Based on the
e-Constraint Method.” Energy and  Buildings
266:112133. doi: 10.1016/j.enbuild.2022.112133.

Holland, John H. 1992. “Genetic Algorithms.” Scientific
American 267(1):66-73.

Hosamo, Haidar Hosamo, Merethe Solvang Tingstveit,
Henrik Kofoed Nielsen, Paul Ragnar Svennevig, and
Kjeld Svidt. 2022. “Multiobjective Optimization of
Building Energy Consumption and Thermal Comfort
Based on Integrated BIM Framework with Machine
Learning-NSGA I1.” Energy and Buildings 277:112479.
doi: 10.1016/j.enbuild.2022.112479.

Huang, W., and H. N. Lam. 1997. “Using Genetic
Algorithms to Optimize Controller Parameters for
HVAC Systems.” Energy and Buildings 26(3):277-82.
doi: 10.1016/S0378-7788(97)00008-X.

Huang, Z., B. Fang, and J. Deng. 2020. “Multi-Objective
Optimization Strategy for Distribution Network
Considering V2G-Enabled Electric Vehicles in Building
Integrated Energy System.” Protection and Control of
Modern Power Systems 5(1). doi: 10.1186/s41601-020-
0154-0.

18

Kaastra, Iebeling, and Milton Boyd. 1996. “Designing a
Neural Network for Forecasting Financial and
Economic Time Series.” Neurocomputing 10(3): 215—
36. doi: 10.1016/0925-2312(95)00039-9.

Kim, Hyoungsub, and Mark J. Clayton. 2020. “A Multi-
Objective Optimization Approach for Climate-Adaptive
Building Envelope Design Using Parametric Behavior
Maps.” Building and Environment 185:107292. doi:
10.1016/j.buildenv.2020.107292.

Konak, Abdullah, David W. Coit, and Alice E. Smith. 2006.
“Multi-Objective ~ Optimization  Using  Genetic
Algorithms: A Tutorial.” Reliability Engineering &
System Safety 91(9):992—-1007. doi: 10.1016/j.ress.
2005.11.018.

Kusiak, Andrew, and Guanglin Xu. 2012. “Modeling and
Optimization of HVAC Systems Using a Dynamic
Neural Network.” Energy 42(1):241-50. doi: 10.1016/
j-energy.2012.03.063.

Lalwani, Soniya, Sorabh Singhal, Rajesh Kumar, and
Nilama Gupta. 2013. “A Comprehensive Survey: Multi-
Objective Particle Swarm Optimization (MOPSO)
Algorithm: Variants and Applications.” Transactions on
Combinatorics 2:89-101.

Liu, Bo, and Dragan Rodriguez. 2021. “Renewable Energy
Systems Optimization by a New Multi-Objective
Optimization Technique: A Residential Building.”
Journal of Building Engineering 35:102094. doi:
10.1016/j.jobe.2020.102094.

Mane, Sandeep, and Manda rama narasingarao. 2021. “A
Non-Dominated Sorting Based Evolutionary Algorithm
for Many-Objective Optimization Problems.” Scientia
Iranica. doi: 10.24200/s¢i.2021.53026.3017.

Nguyen, Anh-Tuan, Sigrid Reiter, and Philippe Rigo. 2014.
“A Review on Simulation-Based Optimization Methods
Applied to Building Performance Analysis.” Applied
Energy  113:1043-58.  doi:  10.1016/j.apenergy.
2013.08.061.

Qu, B., and Ponnuthurai Suganthan. 2011. “Constrained
Multi-Objective  Optimization Algorithm with an
Ensemble of Constraint Handling Methods.”
Engineering Optimization 43:403—16. doi: 10.1080/
0305215X.2010.493937.

Rosso, Federica, Virgilio Ciancio, Jacopo Dell’Olmo, and
Ferdinando Salata. 2020. “Multi-Objective
Optimization of Building Retrofit in the Mediterranean
Climate by Means of Genetic Algorithm Application.”
Energy and Buildings 216:109945. doi: 10.1016/
j-enbuild.2020.109945.

Samarasinghalage, Tharushi 1., W. M. Pabasara U.
Wijeratne, Rebecca J. Yang, and Ron Wakefield. 2022.
“A Multi-Objective Optimization Framework for
Building-Integrated PV Envelope Design Balancing
Energy and Cost.” Journal of Cleaner Production
342:130930. doi: 10.1016/j.jclepro.2022.130930.

Sayegh, Hasan, Antoine Leconte, Gilles Fraisse, Etienne
Wurtz, and Simon Rouchier. 2023. “Multi Objective
Optimization of Detailed Building Models with Typical
Short Sequences Considering Sequential and Adaptive



A Systematic Review of Multi-Objective Optimization Methods of Building Energy Performance

Methods.”
Intelligence
2022.105645.

Sharif, S. A., and A. Hammad. 2019. “Simulation-Based
Multi-Objective Optimization of Institutional Building
Renovation Considering Energy Consumption, Life-
Cycle Cost and Life-Cycle Assessment.” Journal of
Building  Engineering 21:429-45. doi: 10.1016/
j-jobe.2018.11.006.

Shi, Ruifeng, and Kwang Y. Lee. 2015. “Multi-Objective
Optimization of Electric Vehicle Fast Charging Stations
with SPEA-IL.” [FAC-PapersOnLine 48(30):535-40.
doi: 10.1016/j.ifacol.2015.12.435.

Si, Binghui, Jianguo Wang, Xinyue Yao, Xing Shi, Xing Jin,
and Xin Zhou. 2019. “Multi-Objective Optimization
Design of a Complex Building Based on an Artificial
Neural Network and Performance Evaluation of
Algorithms.” Advanced Engineering Informatics 40:
93-109. doi: 10.1016/j.2¢i.2019.03.006.

Tavakolan, Mehdi, Farzad Mostafazadeh, Saeed Jalilzadeh
Eirdmousa, Amir Safari, and Kaveh Mirzaei. 2022. “A
Parallel Computing Simulation-Based Multi-Objective
Optimization Framework for Economic Analysis of
Building Energy Retrofit: A Case Study in Iran.”
Journal of Building Engineering 45:103485. doi:
10.1016/j.jobe.2021.103485.

Touloupaki, Eleftheria, and Theodoros Theodosiou. 2017.
“Performance Simulation Integrated in Parametric 3D
Modeling as a Method for Early Stage Design
Optimization—A Review.” Energies 10(5):637. doi:
10.3390/en10050637.

Vukadinovi¢, Ana, Jasmina Radosavljevi¢, Amelija
Pordevi¢, Milan Proti¢, and Nemanja Petrovi¢. 2021.
“Multi-Objective Optimization of Energy Performance
for a Detached Residential Building with a Sunspace
Using the NSGA-II Genetic Algorithm.” Solar Energy
224:1426-44. doi: 10.1016/j.solener.2021.06.082.

Wang, Haidong, and Zhigiang (John) Zhai. 2016.
“Advances in Building Simulation and Computational
Techniques: A Review between 1987 and 2014.” Energy
and  Buildings 128:319-35.  doi: 10.1016/
j-enbuild.2016.06.080.

Wang, Weimin, Radu Zmeureanu, and Hugues Rivard.
2005. “Applying Multi-Objective Genetic Algorithms in
Green Building Design Optimization.” Building and
Environment 40(11):1512-25. doi: 10.1016/j.buildenv.
2004.11.017.

Wei, Zhe, Yixiong Feng, Jianrong Tan, Junhao Wu, Dandan
Yang, and Jinlong Wang. 2009. “Research on Quality
Performance Conceptual Design Based on SPEA2+.”
Computers &  Mathematics with  Applications
57(11):1943-48. doi: 10.1016/j.camwa.2008.10.003.

Wu, Haoran, and Tong Zhang. 2022. “Multi-Objective
Optimization of Energy, Visual, and Thermal
Performance for Building Envelopes in China’s Hot
Summer and Cold Winter Climate Zone.” Journal of
Building  Engineering 59:105034. doi: 10.1016/
jjobe.2022.105034.

Engineering Applications of Artificial
118:105645. doi: 10.1016/j.engappai.

19

Xu, Yizhe, Guangli Zhang, Chengchu Yan, Gang Wang,
Yanlong Jiang, and Ke Zhao. 2021. “A Two-Stage
Multi-Objective Optimization Method for Envelope and
Energy Generation Systems of Primary and Secondary
School Teaching Buildings in China.” Building and
Environment 204:108142. doi: 10.1016/j.buildenv.
2021.108142.

Xue, Bing, Mengjie Zhang, and Will N. Browne. 2013.
“Particle Swarm Optimization for Feature Selection in
Classification: A Multi-Objective Approach.” [EEE
Transactions on Cybernetics 43(6):1656-71. doi:
10.1109/TSMCB.2012.2227469.

Yang, Ming-Der, Min-Der Lin, Yu-Hao Lin, and Kang-Ting
Tsai. 2017. “Multiobjective Optimization Design of
Green Building Envelope Material Using a Non-
Dominated Sorting Genetic Algorithm.” Applied
Thermal Engineering 111:1255-64. doi: 10.1016/
j-applthermaleng.2016.01.015.

Yao, Sheng, Zezhi Jiang, Jingyu Yuan, Zhenkun Wang, and
Liying Huang. 2022. “Multi-Objective Optimization of
Transparent Building Envelope of Rural Residences in
Cold Climate Zone, China.” Case Studies in Thermal
Engineering 34:102052. doi: 10.1016/j.csite.2022.
102052.

Yong, Z., Y. Li-juan, Z. Qian, and S. Xiao-yan. 2020.
“Multi-Objective Optimization of Building Energy
Performance Using a Particle Swarm Optimizer with
Less Control Parameters.” Journal of Building
Engineering 32. doi: 10.1016/j.jobe.2020.101505.

Yusoff, Yusliza, Mohd Salihin Ngadiman, and Azlan Mohd
Zain. 2011. “Overview of NSGA-II for Optimizing
Machining Process Parameters.” Procedia Engineering
15:3978-83. doi: 10.1016/j.proeng.2011.08.745.

Zhai, Yingni, Yi Wang, Yanqiu Huang, and Xiaojing Meng.
2019. “A Multi-Objective Optimization Methodology
for Window Design Considering Energy Consumption,
Thermal Environment and Visual Performance.”
Renewable Energy 134:1190-99. doi: 10.1016/j.renene.
2018.09.024.

Zhang, Anxiao, Regina Bokel, Andy van den Dobbelsteen,
Yanchen Sun, Qiong Huang, and Qi Zhang. 2017.
“Optimization of Thermal and Daylight Performance of
School Buildings Based on a Multi-Objective Genetic
Algorithm in the Cold Climate of China.” Energy and
Buildings 139:371-84. doi: 10.1016/j.enbuild.2017.
01.048.

Zhang, Qingfu, and Hui Li. 2007. “MOEA/D: A
Multiobjective Evolutionary Algorithm Based on
Decomposition.” IEEE Transactions on Evolutionary
Computation 11(6):712-31. doi: 10.1109/TEVC.2007.
892759.

Zhu, Li, Binghua Wang, and Yong Sun. 2020. “Multi-
Objective Optimization for Energy Consumption,
Daylighting and Thermal Comfort Performance of Rural
Tourism Buildings in North China.” Building and
Environment 176:106841. doi: 10.1016/j.buildenv.2020.
106841.



A, lzadi, Sh, Minooee Sabery, F, Farazjou, H, Sanaieian

Zou, Yukai, Siwei Lou, Dawei Xia, Isaac Y. F. Lun, and Jun Climate Change.” Journal of Building Engineering
Yin. 2021. “Multi-Objective  Building Design 44:102904. doi: 10.1016/j.jobe.2021.102904.
Optimization Considering the Effects of Long-Term

AUTHOR (S) BIOSKETCHES

A. Izadi., School of Architectural and Environmental Design, University of Science and Technology, Iran
Email: izadi_ali@arch.iust.ac.ir

SH. Minooee Sabery., school of architecture, University College London(UCL)
Email: shahram.sabery.20@ucl.ac.uk

F. Farazjou., Engineering Faculty, Islamic Azad University, Hashtgerd branch, Hashtgerd, Iran
Email: forough-farazjou@hiau.ac.ir

H. F Sanaieian., School of Architecture and Environmental Design, Building, and Environment Research Laboratory,
Iran University of Science and Technology, Tehran, Iran

Email: sanayeayan@iust.ac.ir

COPYRIGHTS

Copyright for this article is retained by the author(s), with publication rights granted to the journal.
This is an open-access article distributed under the terms and conditions of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0/).

HOW TO CITE THIS ARTICLE

Izadi, A,. Minooee Sabery, SH,. Farazjou, F,. Sanaieian, H. (2023). A Systematic Review of
Multi-Objective Optimization Methods of Building Energy Performance. Int. J. Architect.
Eng. Urban Plan, 33(3): 1-20, https://dx.doi.org/ijaup.802.

URL.: http://ijaup.iust.ac.ir

20


http://ijaup.iust.ac.ir/page.php?slct_pg_id=10&

