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velopments are taking place in these areas. Currently, although there are many studies on these
topics, they are not yet fully understood and addressed holistically. To fill this gap, this paper
conducted a comprehensive review of these researches. In order to accomplish this objective, a
bibliometric approach has been conducted with studies published between 2000 and 2023 to
systematically analyze the literature on these topics. Using the systematic literature review, the
case study location, case study building types, AF movement typologies, sustainability aspects,
objectives of the studies and design parameters to achieve these objectives are investigated within
the study scope. As a result, among the artificial intelligence algorithms used to optimize the
performance of adaptive facades and their typologies, GAs (GA, NSGA-2, MOGA, MOEA) were
found as the most widely used algorithms. Furthermore, the common software, simulation and
modelling tools required in optimization process are Grasshopper, EnergyPlus and Rhino-
Grasshopper, respectively. Finally, this review paper will make a general database for current
and emerging Al algorithms and tools used in optimization of adaptive facade.

1. Introduction

Climate change raises concerns all over the world due to its adverse impacts on the environment. The energy demand of the built
environment increases the use of non-renewable energy resources and greenhouse gases. These increases cause global warming.
According to the 2018 IPCC report, global warming is causing climate change and undesirable weather conditions [1]. For this reason,
heat waves, floods, forest fires and structural changes in local climate conditions have begun to occur frequently in many parts of the
world [2]. According to the Global Status Report by the International Energy Agency (IEA), the built environment is responsible for 34
% of energy use and almost two-thirds of total emissions [1]. Commercial, office, and university buildings rank first in energy use [2].
Buildings also account for 40 % of direct and indirect CO, emissions [3].

Energy use in the building sector is targeted to be reduced by around 30 % by 2050 [4]. Energy savings can be achieved through
comprehensive renovations, low-emission energy supply and transition to low-emission materials [5]. With the recent increased
emphasis on energy efficiency and the reduction of fossil fuel use, there are also demands for improving the performance and func-
tionality of the building envelope [6].
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Building facades form an essential part of the building envelope and are responsible for approximately 20-60 % of energy con-
sumption in buildings [7]. Considering that the envelope is one of the parameters that significantly affect energy consumption in
buildings, it is essential to design facade elements to be flexible regarding building energy flow and user comfort. Therefore, building
facades play a leading role in providing comfortable living conditions for users [8]. The building facade provides a physical boundary
between the inside and outside. Therefore, building facades are exposed to environmental conditions and uncontrollable meteoro-
logical variations that significantly affect occupant comfort conditions and building energy consumption. In addition, building facades
are responsible for different functions such as shading, artificial lighting, privacy, overheating and daylighting [9]. A static facade has a
limited effect in providing indoor comfort conditions in changing climatic conditions [10]; however, in a world where technology
advances and climate changes, the requirements of buildings change frequently [11]. The inability of traditional static cladding
systems used on facades to respond to environmental changes has increased the application of new software and hardware technol-
ogies on facades. Studies draw attention to the development of more dynamic and adaptive cladding systems instead of static facades
[12,13]. Therefore, instead of a static facade design, there is a need for adaptive facades where active and passive systems are used
together [14], and facade properties change optimally [15]. In recent decades, researchers have attracted significant interest in
adaptive facades [16]. Adaptive facades (AF) are building envelopes that can adapt to changing boundary conditions through
instantaneous weather fluctuations and daily or seasonal cycles [17]. The main advantages of AFs are their ability to control solar heat
gain and daylighting while preventing overheating and glare [18]. Considering that carbon emissions, energy consumption and air
temperatures will increase further in the future, the use of AF systems will become more important.

In the literature, there are similar terms for *adaptive’ facades that are used interchangeably and cause confusion. AFs based on the
work of Romano [19] and Tabadkani [20] include the following terms: Active facades [21,22], Passive facades [23,24], Biomimetic or
bio-inspired facades [25,26], kinetic facades [27,28], intelligent facades [29,30], Interactive or media facades [31], movable facades
[32], responsive facades [33,34], smart facades [35,36], dynamic facades [37,38] switchable facades [39], advanced facades [40] and
more. The term ’responsive’ refers to a system that is the result of automatic dynamic behavior, while the term ’kinetic’ refers to a
dynamic system that is not automatic [12]. A dynamic facade encompasses different approaches in terms of its functionality,
responsiveness and technological integration. For example; Kinetic facades can operate manually or automatically depending on
environmental conditions [41]. They involve mechanical movements such as rotating panels, folding elements or sliding panels [20].
Responsive facades can dynamically adjust own components through control systems and sensors. These facade types can include
thermochromic glazing and shape memory materials [42]. Bio-mimicry facades are inspired by biological processes. Taking different
sources of inspiration from nature helps designers to develop new contexts and creative layers for responsive facades [43,44]. Smart
facades are integrated with Internet of Things (IoT) and artificial intelligence technologies and can optimize building performance by
learning from user behavior [36,45]. When the functions and features of different adaptive facades are examined, it is seen that the
control mechanism may differ depending on the technologies, materials and movement characteristics used. Although these differ-
ences bring certain limitations to AF typologies, they also provide advantages. For example, while the primary purpose of the movable
facade typology is not to provide user comfort, the ability to generate energy is a significant advantage of this facade type. When
supported by appropriate technology and material properties, AF typologies can be upgraded to a more advanced level. It may be
possible to upgrade a passive facade to a smart facade, a movable facade to a kinetic facade, and a kinetic facade to a more advanced
responsive facade [26]. Among these typologies, facades such as active, passive, biomimetic, kinetic, movable, and smart do not have
user interaction. In contrast, smart, interactive, responsive, and changeable facades can have user interaction [11,14,26].

Adaptive facades (AF) are designed for purposes such as improving thermal comfort, visual comfort (daylight, glare, external view),
air circulation and reducing energy consumption [9,46]. In this context, criteria such as thermal comfort, visual comfort and energy
performance gain importance. In order to evaluate these performance criteria, various approaches such as numerical calculations or
estimations [47,48], user surveys [49,50], building performance simulation (BPS) tools [51-55] and experimental methods [56-60]
have been adopted in the literature. Each of these methods has its own advantages and limitations. For example, numerical calculations
stand out as a convenient method in terms of time and cost. User surveys, on the other hand, require long-term measurements and time
to obtain results. Experimental methods provide the most accurate and reliable results, but are costly and usually time-consuming. In
experiments carried out with existing equipment, design parameters are often limited [20]. Simulations are more widely used
compared to experimental methods and offer a more economical alternative. However, due to the variety of variables, the estimated
values may differ significantly from the actual values [17]. Although BPS evaluates the facade design and performance analysis in an
integrated manner, it has a complex structure in the early stages of facade design [10].

When the studies on the performance evaluation of AFs are examined, it is seen that building performance simulation (BPS) tools
are preferred more frequently than other methods. Especially in recent years, important studies have been carried out that contribute
to sustainability goals such as the design of AFs, energy performance, and improvement of thermal and visual comfort. In these studies,
optimization has an important place. It is noteworthy that different artificial intelligence (AI) algorithms integrated into BPS tools have
been used recently for solving optimization problems [30,61]. Artificial intelligence algorithms such as optimization algorithms
[62-65] and machine learning (ML) models [66,67] are used in solving multi-objective problems, estimating the results, and evalu-
ating the performance of AF facades by adapting to real-time data. In addition, these algorithms can be used with BPS programs with
additional software or tools, allowing the creation of different design alternatives and optimization scenarios. To better understand
these topics, the following subsections examine energy-efficient facades, their key role in improving building energy performance, and
the main objectives of this review.
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1.1. General background to the artificial intelligence algorithms and the building energy modeling/simulation tools

The following paragraphs provide a brief introduction to the topics.

Artificial intelligence (AI) is intelligence shown by machines, particularly computer systems. [68,69]. Artificial intelligence is
used to analyze the performance of the buildings and their sub-components with various algorithms under changing conditions. Thus,
Al algorithms play an important role for optimization of adaptive facade to energy efficiency, thermal/visual comfort and other
building performance metrics. Optimization algorithms can be roughly categorized under two branches regarding solution guarantee
to a problem.

The former is stochastic approaches that are also called modern methods [70] and used in adaptive facade optimization due to their
ability to navigate complex, multi-objective search spaces such as Genetic Algorithm (GA), Ant Colony Optimization (ACO) and
Particle Swarm Optimization (PSO) [70-72]. GA is based on Darwin’s theory of survival of the fittest [73,74]. GAs use various op-
erators such as encoding, selection, mutation and crossover during search [75]. GAs is effective when the optimization problem has
many parameters and multi-objective functions [76,77]. Recently, Multi-objective Genetic Algorithms (MOGA) have become more
popular than the classical genetic algorithm for solving problems. There are popular multi-objective optimization algorithms such as
NSGA-II (Non-Natural Sorting Genetic Algorithm II) and SPEA2 (Strength Pareto Evolutionary Algorithm 2) [78]. In particular, they
are widely used in building optimization [79,80]. Thanks to MOGA, many potential design solutions have emerged that provide
various trade-offs between thermal comfort and energy consumption [81]. ACO mimics the foraging behavior of ants and solves
optimization problems by finding the shortest path between goals [82,83]. The ACO method appears to reduce electricity consumption
and increase the comfort of a smart building compared to existing methods [84]. Inspired by the social behavior of birds or fish, PSO
seeks optimal solutions by iteratively adjusting particle positions [85]. It has been calculated that the energy consumption of a house
optimized using PSO is reduced compared to the existing house [86]. As can be understood from the above, stochastic methods are
used to solve optimization problems in different fields of building performance. In real-world applications, adaptive systems often deal
with non-deterministic quantities, like environment variables. Stochastic approaches deal with such cases, where the use of random
variables is mandatory, and uncertainty is present and not negligible [87].

The latter is deterministic approaches, including gradient descent, Newton’s method, interior point method, simplex method, etc.
The exact integer programming (IP) algorithms can be used to solve a variety of building-related optimization tasks such as evaluating
energy-saving investments [88] and daylight optimization [89]. The deterministic quadratic programming (QP) algorithms are used to
solve problems related to energy management system design [90], smart home energy systems [91]. Non-linear programming methods
have been used in studies to select suitable building materials and systems for sustainable building design [92] and to optimize the
solar gain under different weather conditions [93]. The literature on the adaptive facade optimization is limited due to the difficulties
of deterministic methods in handling complex, high-dimensional and multi-objective problems. Furthermore, these kinds of algorithms
lack the flexibility to adapt to real-time uncertainties such as changing weather conditions, non-constant parameters and occupancy
patterns.

Machine Learning is one of the fastest-growing areas of computer science with wide-ranging applications [94]. Machine learning
algorithms can be classified as supervised, unsupervised and reinforcement learning [95]. The number of specific algorithms and
approaches supporting Machine Learning (ML) is large and continues to increase. In the building performance literature, ML algo-
rithms such as Artificial Neural Network (ANN), Decision Tree (DT), Random Forest (RF), Gradient Boosting (GB), Linear Regression
(LR), Multivariate Adaptive Regression Splines (MARS), K-Nearest Neighbors (KNN), Principal Component Analysis (PCA) are
frequently used for purposes such as classification, regression, optimization and control, clustering and dimensionality reduction. In
addition to their stand-alone use, machine learning algorithms, especially when integrated with meta-heuristics, provide advantages in
processing real-time data and adapting to changing conditions, making them important for adaptive facade optimization [96,97].

Simulation through Building Energy Modeling is a popular method used to reduce the energy demand and increase thermal
comfort in individual buildings [98]. A large number of Building Energy Modeling and Simulation tools having different features have
been developed over the last six decades. Some of commonly known simulation tools and their features is presented in Table 1. Over
time, researchers have increasingly focused on optimizing building energy performance, driven by the need to maximize life cycle

Table 1
Commonly known Building Energy Modeling and Simulation Tools (BEMS).
Tools Tools Type Key Features
EnergyPlus Simulation Engine highly flexible [100], IDF file support [101], detailed energy analysis [101-103], includes advanced models [102,
104-106]
TRNSYS Simulation Engine plugin support [107], dynamic simulation [108,109], limited CAD compatibility [107], coupled with external tools
[109,110], detailed control strategies and renewable integration [107,110]
jEPlus Graphical User Interfaces ~ parametric analysis and optimization [111].
(GUD)
DesignBuilder Graphical User Interfaces ~ Powerful 3D modeling interface [112,113], simple geometry support [114], useful for parametric and optimization
(GUD studies, daylighting-CFD-thermal comfort-detailed HVAC [115]
OpenStudio Graphical User Interfaces  large library for templates, open-source, radiance integration, customizable, integrated with Ladybug Tools and
(GUD cloud computing for optimization [116,117]
Ladybug Tools  Simulation integration with EnergyPlus, Radiance and OpenStudio, climate data support [118,119]
Environments
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economic benefits, carbon reduction and occupant comfort while minimizing energy consumption. This increasing interest has led to
the use of artificial intelligence algorithms in conjunction with building energy simulation tools. Many simulation tools cannot run
artificial intelligence algorithms on their own. Therefore, simulation tools need to be used in together with or within different pro-
gramming platforms. For example, jEPlus uses Energyplus for parametric analysis and optimization. Limited algorithms are included in
DesignBuilder to solve building design optimization problems. It is also important to note that most of the research presented as
optimization is actually parametric studies and their results are interpreted as optimized outputs [99].

In light of the definitions and discussions in the previous paragraphs, the following observations are made on conceptual strengths

and limitations (Table 2).

Al algorithms are methods for solving optimization problems. There is no conceptual overlap that leads to misunderstandings about
the two topics. Al optimization algorithms and BEMS tools play complementary roles in optimizing building performance [71].
BEMS tools generate data within defined objective functions and constraints. Al optimization algorithms find the optimum solu-
tions in the light of this data.

There are significant limitations when using building simulation tools, such as the need for detailed information in the modeling
process, long computation times due to the large number of input parameters, and the difficulty of reducing the difference between
predicted and measured performance [120]. When using optimization algorithms with building simulation tools, the margin of
error due to the difference between the predicted and measured result will not change. However, there is growing interest in
utilizing artificial intelligence algorithms to generate data quickly and increase the number of data [121].

Stochastic algorithms try to find better solutions by keeping the best solutions selected in previous iterations [122,123]. ML models
can be integrated with stochastic algorithms to improve optimization processes and reduce computation time [124-126]. In
addition, ML models can be used in multi-criteria decision support systems in combination with optimization algorithms. Stochastic
algorithms are useful for handling large-scale and complex optimization problems, but their computation time can be high
depending on the choice of hyperparameters. These algorithms are known for their ease of implementation and their ability to
efficiently produce accurate results [72].

The main differences between Al algorithms are related to the way they solve problems [70]. Stochastic algorithms are initialized
by choosing a random initial population and the solution produces a different result in each run. However, the result produced by
deterministic algorithms does not change [127]. In addition, deterministic methods usually reach a global solution for convex
problems.

In contrast to deterministic optimization methods that can get stuck at local minima, Stochastic algorithms have global search
capabilities, which allows them to find better solutions. Machine learning methods are data-driven. ML methods have the ability to
model complex relationships, but they may not be able to perform direct optimization. Examples of the disadvantages of ML models
are long model training time in some cases, explainability problem (Black-box problem), low performance without sufficient data.
Deterministic methods provide exact solutions but may be inadequate in solving dynamic problems. Moreover, these methods can
be time-consuming and require multiple iterations to find different optimal solutions, which increases the computation time [128].
They are not suitable for use in multi-objective optimization problems due to their ability to work with defined constraints [129].
Given the strengths and limitations of each approach, hybrid optimization models that integrate ML models with optimization
algorithms have been increasing in recent research.

Table 2
Perceived strengths and limitations of Al Algorithms and BPS in Building Energy Optimization.

Strengths Limitations Application Examples
BEMS high accuracy and precise results, computational intensity, computational cost, energy retrofit analysis, climate adaptation
comparison of design alternatives, complexity, expertise required, static strategies, renewable energy integration,
performance prediction in the absence of assumptions, less suitable for existing energy code compliance, life cycle
historical data [71,103,130,131]. buildings, real-time application limitations assessment
[71,129,132-134].
Stochastic flexible and scalable, both single-objective computationally intensive, challenging generating and exploring alternative
approaches and multi-objective optimization, ease of parameter tuning, limited real-time design scenarios, space utilization,
implementation and efficient production of adaptability [70,72,135]. optimizing energy and comfort, indoor air
accurate results, speed and quality of quality management
solution, comprehensive exploration of
potential solutions [70,72,129,135]
Machine adapts to real-time data, fast computation limited to range of training data, ignores climate-responsive design, energy
Learning times, handles non-linearity, suitable for uncertainties in measured data, explainability =~ consumption and comfort prediction,
optimization processes, comparison of design ~ problem (Black-box problem), large training occupancy prediction and space
alternatives, integrate with other Al data sets required, computational cost, risk of utilization, optimize renewable energy
algorithms [120,132,136-138]. overfitting [120,122,137,139,140]. usage and storage
Deterministic excellent for local optimization, providing time consuming, require multiple iterations energy management, material selection,
approaches precise solutions for specific problems, ideal for different optimal solutions, not practical, daylight optimization

for high-dimensional spaces [70,129,135]

difficulty with high dimensional and dynamic
problems, requires differentiable objective
functions, sticking at local minimums [70,
129,135]
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1.2. Objectives of the review paper

Several review articles on adaptive facades have recently been published, compiled in Table 3. They have primarily focused on
future trends of AF technologies [141], factors preventing the growth of the market share of AFs [142], users’ interactions with facade
systems [143] and review of user-centered strategies [144], approaches and potentials of AFs [35], process and development of AF
integration into designs [145,146], evaluation of the sustainability of AFs [147-149], existing typology differences, design approaches
and limitations of AFs [20], performance evaluation of AFs [9,150,151]. However, there’s no thorough analysis of artificial intelli-
gence algorithms and tools used for optimization of AFs available. Therefore, the main objective of this study is to provide a biblio-
metric data of published documents on artificial intelligence algorithms, simulation tools, and software used in the optimization of the
performance of adaptive facades in order to guide future studies and provide an up-to-date and comprehensive systematic literature
review on this topic. To achieve this aim, it has the following objectives.

- review commonly used artificial intelligence algorithms, simulation and modelling/visualization tools related to the subject;
explore what work takes place on the optimizing the performance of adaptive facades to be a stepping stone for interested re-
searchers who want to publish their work on this subject;

show future perspectives and possible challenges in the field of artificial intelligence algorithms, simulation and coding languages
used to optimize the performance of adaptive fagades.

The remainder of this paper is organized as follows. After the introduction, the next section describes the methodological
framework of the systematic review and the bibliometric method. The third section provides a detailed content analysis to better
understand and interpret the studies on the performance optimization of adaptive facades. The paper concludes by discussing the
summary of the findings, gaps in the literature/suggestions for future studies, and strengths/limitations of the study.

2. Methods
2.1. Systematic literature review

A systematic literature review (SLR) was conducted with specific selection criteria and keywords to collect research in the existing
literature relevant to the study’s purpose. SLR allows the collection of relevant evidence on a given topic that meets predetermined
eligibility criteria and provides answers to formulated research questions [157]. SLR can be used to identify knowledge gaps in the
existing literature and make inferences that can guide future research. Furthermore, this methodology synthesizes studies analyzed to
answer specific research questions [9,158]. The PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
method was applied to provide a rigorous and transparent review process. This method provides a comprehensive and structured
approach to literature synthesis by guiding the identification, screening and inclusion of relevant studies [45]. The eligibility process
based on PRISMA is shown in Fig. 1.

Firstly, highly reputable and recognized databases such as Scopus [159], Web of Science [160], and EBSCO (Environment Com-
plete, Green File) [20] were searched for the scientific studies using a set of inclusion and exclusion criteria as shown in Table 4.

Table 3
List of recent review articles on adaptive facades.

Reference

Topic of the review

Liu et al., 2023 [148]
Zhang et al., 2023 [142]

Shafaghat et al., 2022
[152]
Faragalla et al., 2022 [153]

Habibi et al., 2022 [149]
Andreeva et al., 2022 [154]
Koyaz et al., 2022 [143]

Heidari Matin et al., 2022
[33]

Tabadkani et al., 2021
[144]

Tabadkani et al., 2021 [20]

Heidari Matin et al., 2020
[155]

Tabadkani et al., 2020 [9]

Bedon et al., 2019 [156]

Loonen et al., 2017 [151]

Investigation of the static and dynamic arrangements of photovoltaic double skin facades (PV-DSF), their design and operation for
sustainability.

A review of adaptive facades based on their design, tools, evaluation criteria and control strategy, and the factors preventing the
widespread use of adaptive facades.

A review based on dynamic fagade typologies, technologies and techniques. Investigation of the characteristics, environmental
performance and effectiveness of dynamic facade typologies.

A review of a comprehensive literature review that reviews design approaches to biomimetic fagades. In addition, a holistic
framework for biomimetic design by examining three methodological frameworks.

Analyzing smart facades’ sustainability (economic, environmental and social) performance through a systematic literature review.
A systematic and bibliometric review on multi-layered adaptive ventilated facades.

They are investigating the interaction of building users with facade systems and the factors affecting the user experience in a
working environment.

Classify the technologies used in responsive facade systems and compare their advantages and shortcomings.

A literature review on user-centered control strategies for adaptive facades and an explanation of existing typologies of user-
centered control in office buildings.

A systematic review of design approaches to adaptive facades and ten commonly used typologies.

Historical factors that play a role in the development of responsive fagade systems and their classification.

Investigation of automated control strategies based on simulations to ensure user comfort and energy efficiency in adaptive facades.
A review of classification rules, performance measurements and design methods of adaptive facade systems.
A review on analyzing information on BPS tools used for performance prediction of adaptive facades.
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) Literature Search

( TITLE-ABS-KEY ( "adaptive facade" OR "kinetic facade" OR "intelligent facade" OR "dynamic facade" OR
g "responsive facade” OR "movable facade" OR "biomimetic facade" OR "smart facade" OR "switchable facade"
'§ OR "dynamic facade" OR "adaptive building envelope"” OR "passive facade"” OR "shading strategy” ) AND
=l TITLE-ABS-KEY (optimization OR optimization OR algorithm OR "machine learning" OR "neural network")
§ AND TITLE-ABS-KEY ( "energy" OR "lighting” OR "comfort" OR "daylight" OR "view" OR "glare" ))
=}
1

Records were identified from Database: Web of Science (WoS) (n = 315), Scopus (n = 129), EBSCO
(Environment Complete, Green File) (n=65)
Y
Records screened: (n = 509) (The keywords include title, abstract and author keywords
A4 v

Records included Recolrds Sxchoied
Iy Article: (n= Duplicates: (n = 67)
2 icle: (n=392)
B . Other document types (Book chapters,
§ Conference Paper: (17) . . P
8 Early Access: (n=4) Review Article, etc.): (n=21)
3 . Other Languages: (n = 8)

l \ 4
Reports assessed for eligibility )
= eports excluded out of review: (n=

(n=413) R« Tuded f n=96)

E Studies included in revi
in . .

= = 7e Ss) cludedimreview Studies excluded from review
= (n =338) (Irrelevant Studies)

Fig. 1. Framework for eligibility criteria based on PRISMA method.

Table 4
A systematic search summary of databases.
Database Date of search Inclusion and exclusion searching criteria in title, abstract and keywords Number of
Documents
Scopus April 09, 2023/ (TITLE-ABS-KEY ("adaptive facade" OR "kinetic facade" OR "intelligent facade" OR 129
December 27, 2023 "dynamic facade" OR "responsive facade" OR "movable facade" OR "biomimetic
Web of Science April 12, 2023/ facade" OR "smart facade" OR "switchable facade" OR "dynamic facade" OR "adaptive =~ 315
December 27, 2023 building envelope" OR "passive facade" OR "shading strategy") AND TITLE-ABS-KEY
EBSCO (Environment April 18, 2023/ (optimization OR optimization OR algorithm OR "machine learning" OR "neural 65
Complete, Green File) December 27, 2023 network") AND TITLE-ABS-KEY ("energy" OR "lighting" OR "comfort" OR "daylight"

OR "view" OR "glare"))

The "OR’ operator used synonyms and alternative spellings, while the ’AND’ operator linked main terms from subject terms or
headings. Terms, keywords and variables related to the methods used to evaluate thermal comfort, visual comfort and energy per-
formance of adaptive facades and typologies were defined according to certain criteria in the search section of the databases. Fig. 2
shows the distribution of the scientific studies found according to the search results of the above rules between 2000 and 2023. Ac-
cording to the graph, no publications were found between 2002, 2005, 2007 and 2009. In particular, a significant number of studies
was observed from 2015 to 2022, and 2022 is the peak year for studies on the subject.

In the first stage, 509 records were found from databases (Scopus, Web of Science and ESBCO). The language of writing was then
restricted to English and irrelevant categories were manually eliminated and filtered (n = 29). Most of the articles also appeared in
different databases and after removing duplicates (n = 67), 413 publications remained eligible for further detailed review. We then
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Fig. 2. Distribution of the number of publications related to the studies in the literature by years.

scanned the title and abstracts of each publication and the publications which were not strictly relevant to the topic were excluded (n
= 338). After applying all inclusion/exclusion criteria, 75 publications were eligible and considered for this study.

2.2. Bibliometric analysis

Bibliometric analysis is a computer-aided review methodology that can identify basic research and its relationships by covering all
publications related to a particular topic or field [161]. This method provides detailed quantitative and statistical information for
decision-making processes [162]. A bibliometric review helps visualize the existing literature’s structure and connectivity on a given
topic and dramatically reduces the time compared to a manual literature search [163]. VOSviewer tool can be used for bibliometric
analysis. This software enables the creation and visualization of bibliometric networks based on citations, bibliographic links,
co-citation, institutions, countries, researchers and keywords [164]. For this reason, the VOSviewer tool was used in this study to
analyze the most frequently occurring terms in the abstract section (Fig. 3), the most frequently occurring terms in the title section
(Fig. 4) and the co-occurrence of terms in keywords (Fig. 5). The network diagram in Fig. 3 shows the most frequent words and their
interrelationships in the eligible publications. The frequency of a word is reflected in the size of its node and tag. The thickness of a line
is proportional to the closeness of the links between two words. Furthermore, these visual network maps use different colors to identify
clusters. The analyzed words were repeated at least three times in the selected articles. As a result, the words are clustered under five
main groups: (1) visual comfort (blue), (2) strategy/energy consumption (red), (3) optimization (yellow), (4) environment (green) and
(5) window (purple). The co-occurrence of these words in the summary section offers some useful insights for analyzing the maps.
First, all clusters are interconnected. The words strategy and optimization are the main focus of the studies, indicating that optimi-
zation of the energy and visual performance of AFs are objective goals that are often investigated. Energy consumption and visual
comfort are the second main focal points in the research of these facades. It is also noteworthy that the performance evaluation of AFs is
often linked to office buildings. The occurrence of terms such as daylighting, EnergyPlus, visual comfort, energy consumption, opti-
mization, glare, flexibility and optimal design in the network diagram in Fig. 3 shows that the selected publications are in line with the
purpose and focus of the study.

The network diagram in Fig. 4 shows the most frequently occurring words in the title section of the publications that meet the
criteria and their interrelationships with each other. As a result, it is seen that words are clustered into four main groups: (1) office

comparison ~ energyplus
ability  solar radiation
user
L J
visual pegfiormarnce optimlzation reduction
limiggtion aid - -
office
ofder
ome: - energy pefilormance
ener; mption
flexipillty : . 8y P
orientation
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Fig. 4. A network diagram of the words is in the title section of the analyzed studies.

Fig. 5. Density diagram showing the co-use of keywords.

buildings (green color), (2) optimization (red color), (3) visual comfort including daylight, glare and view (blue color) and (4) office
spaces (yellow color). When the network diagram is analyzed, it is concluded that the studies are frequently conducted in office
buildings. Simulation and optimization studies on visual comfort and energy performance are at the forefront in these buildings.

Fig. 5 shows the cluster density of 20 keywords grouped into six groups. The cluster density view allows the density of items to be
displayed separately for each item cluster. The density view shows the general structure of the map. The use of adaptive facade and
visual comfort keywords draws attention primarily. The high density of keywords related to “adaptive facade” and “visual comfort”
indicates that these topics are prominent in the research field. This indicates that these topics could be current research trends due to
their importance in improving building performance and occupant comfort. However, the overuse of these keywords may also indicate
that research in these areas has reached saturation. It is noteworthy that while researchers focus on these topics, they may neglect other
important but less explored topics. A lower density of keywords in other areas may reveal potential gaps in research and provide
opportunities for future research. It can also be seen that there is a distinction between adaptive facade, visual comfort, building
performance simulation, lighting and adaptive building envelope. In particular, the use of “building performance simulation” as a
separate cluster indicates that simulation tools and methodologies have an important place in the research field. Thus, it may indicate
that there is a trend towards data-driven and computational approaches in studies evaluating the performance of AFs.

3. Results and discussion

In this part of the research, as a result of examining the selected studies in the literature, a detailed content analysis was carried out
to better understand and interpret the studies on the performance optimization of adaptive facades and their typologies. In this context,
reference, year, publication type, building use type, location, design parameters, objectives, adaptive facade movement type, opti-
mization techniques, SIM tools, modelling/visualization software and tools used for optimization are given for the selected studies on
the subject. The publication range of the studies that meet the criteria covers the years 2012-2023. Approximately 82 % of the selected
studies consist of articles. Fig. 6 shows the distribution of eligible studies published between 2012 and 2023 according to publication
type. Most were published in international journals dealing with buildings, solar energy, energy and simulation. These are Journal of
Building Engineering (11.2 %), Buildings (8.5 %), Building and Environment and Solar Energy (7 %), Energy & Buildings, Sustain-
ability and Energy (5.6 %), Journal of Daylighting (4.2 %), Energies, Automation in Construction, Applied Energy, Building Simulation
(3 %). The remaining studies (18 %) were published in conference proceedings in the fields of building simulation, physics, engi-
neering and energy: IBPSA (International Building Performance Simulation Association) Conference (4.2 %), Journal of Physics:
Conference Series (3 %) International Multidisciplinary Conference on Engineering Technology, UrbSys, IEEE conference on, Build-
Sys’17, International Plea Conference, Energy Procedia, Simulation, Prediction, and Evaluation and ANNSIM (Annual Modelling and
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Fig. 6. Percentage distribution of publication types of the studies selected by the criteria.

Simulation Conference). The prominence of journals such as Journal of Building Engineering, Buildings, Building and Environment
and Solar Energy indicates that these publications are important platforms for research in building science, energy and sustainability.
Researchers target these journals because of their impact in the field and relevance to relevant topics. In addition, the variety of
journals and conference proceedings, ranging from building simulation to physics and engineering, indicates that the research has an
interdisciplinary approach. This reflects the complexity of work on AFs, which often requires the integration of knowledge from
multiple disciplines.

3.1. The characteristics of case studies

This section shows the main characteristics of the studies selected in the literature by the criteria, such as year, reference, publi-
cation type, building use type, location and movement towards facade adaptability (Table 5). According to Table 5, the main char-
acteristics of the studies selected by the criteria in the context of AFs are analyzed in detail. The publication range of the studies suitable
for the criteria is 2012-2023. However, most of the studies were published in the last three years.

According to Table 5, the types of case studies used are categorized as follows: Office, library, education, residential, hospital,
hospital, laboratory, hotel and commercial buildings. The case studies for performance optimization of AFs were most frequently
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Table 5

Primary studies focusing on adaptive facade performance optimization, listed chronogical.
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Year Reference Publication Adaptive movable type Building use type Case study location
type
2023  [165] Wen et al. Conference Basic movements Library China
Paper
2023 [166] Liu et al. Article Basic movements Office China
2023 [167] A. Tabadkani et al. Article Folding technique, Venetian Office Australia
blind
2023 [168] E. C. Lucchino and F. Article Passive Office Germany
Goia
2023 [169] Biloria et al. Article Basic movements Office Australia
2023  [170] S. Wen et al. Article Basic movements Library China
2023 [171] Y. Xue and W. Liu Article Basic movements, Fixed Commercial China
building atrium
2022  [172] Gaspari and Fabbri Article Basic movements Residential Italy
2022 [173] Shi and Pouramini Article n/a Office Iran
2022  [174] S. Besbas et al. Article Folding technique Hospital Algeria
2022 [175] Bande et al. Article Folding technique Library United Arab Emirates
2022 [176] L.E. Hinkle et al. Article Basic movements Office USA, UK
2022  [177] S.O. Sadegh et al. Article Folding technique Office Iran
2022 [178] N.H Matin et al. Article Basic movements Office USA
2022 [54] A. Tabadkani et al. Article Folding technique, Venetian Office Australia
blind
2022  [47] Wang et al. Article Folding technique, Basic n/a China
movements
2022 [179] Zeng et al. Article n/a Office USA
2022 [180] Valitabar et al. Article Basic movements, Light shelf Office Iran
2022 [181] R. A. Mangkuto et al. Article Fixed, Basic movements Office Indonesia
2022 [89] L. Shen and Y. Han Article Basic movements, Folding Office China
technique
2022 [182] N.H Matin and Article Basic movements Office USA
Eydgahi
2022 [183] Sankaewthong et al. Article Biomimetic Office Thailand
2022 [184] D. M. Le et al. Article Roller shade, adaptive glazing Office Vietnam, China, South Korea, Germany,
Canada and USA
2022 [65] R.P. Khidmat et al. Article Venetian blind, Basic Office UK, Indonesia, Australia
movements
2022 [63] H. Ozdemir andB. Y. Article Folding technique, Fixed Office Turkey
Cakmak
2022 [185] S. Wang et al. Article Basic movements Hotel China
2022 [66] A. Alammar and W. Conference Basic movements Office Saudi Arabia
Jabi Paper
2021 [186] Brzezicki et al. Article Basic movements, Fixed Office Poland
2021 [67] K. Hiyama and Y. Article n/a Office Japan
Omodaka
2021 [187] A. Tabadkani et al. Article Venetian blind Office Australia, Egypt, Singapore, India,
Germany, Canada, Iran, and Chile
2021  [188] L. Le-Thanh et al. Article Folding technique Office Viet Nam
2021 [189] M.Ishac and W. Article Light shelf, Venetian blind Educational Egypt
Nadim
2021 [190] R.A. Rizi and A. Article Basic movements Office Iran
Eltaweel
2021 [64] F. Carlucci et al. Conference Switchable Office European cities (6)
Paper
2021 [191] J. Zhu Conference Basic movements Office USA
Paper
2021 [192] Hammoud et al. Conference n/a Office Lebanon
Paper
2021 [26] S. M. Hosseini et al. Article Biomimetic Office Iran
2021 [193] E. Sorooshnia et al. Article Basic movements Office Australia
2021 [194] R.P. Khidmat et al. Article Basic movements Office Japan
2021 [195] H. Bazazzadeh et al. Article Folding technique, Basic Office Iran
movements
2021 [196] A.A.S. Bahdad et al. Article Light shelf Office Malaysia
2020 [197] H. Kim and M.J. Article Folding technique Office USA
Clayton
2020 [198] A. Tabadkani et al. Article Folding technique, Venetian Office Australia
blind, Roller shade
2020 [199] Z. Luo et al. Article Venetian blind Office China
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Table 5 (continued)

Year Reference Publication Adaptive movable type Building use type Case study location
type
2020  [200] X. Shi et al. Article Folding technique, Basic Office Singapore
movements
2020 [201] D.K. Bui et al. Article n/a Office Australia
2020 [202] T. Mendis et al. Article Basic movements Office Sri Lanka
2020 [203] S.M. Hosseini et al. Article Folding technique, Basic Office Iran
movements
2020 [204] A. G. Kheybari and S. Article Venetian blind, electrochromic Office Germany
Hoffmann glazing
2020 [205] H. Kim and M.J. Article Folding technique Office USA
Clayton
2020  [206] A.A.S. Bahdad et al. Article Light shelf Office Malaysia
2019  [62] A. Tabadkani et al. Article Folding technique Office Iran
2019 [127] H. Yi et al. Article Basic movements Educational USA
2019 [207] Sharston Conference Folding technique Office USA
Paper
2019 [208] Han and Park Conference Switchable Office USA
Paper
2019  [209] Navarro et al. Conference Switchable glazing laboratory UK
Paper
2019 [210] H. Kim et al. Article n/a Office South Korea
2019 [211] S. Y. Chen Article Folding technique Office n/a
2018 [212] A. Tabadkani et al. Article Basic movements Office Iran
2018 [213] E.S. Mazzucchelli Article Basic movements n/a Italy
et al.
2018 [214] Giovannini et al. Conference Switchable Office United Arab Emirates, Italy and Sweden
Paper
2018  [215] M. Ayoub Article Basic movements Office Egypt
2018 [216] R. Shan and L. Article n/a Office USA
Junghans
2017 [217] F. Favoino et al. Article n/a Office China
2017  [218] A. P. Bijuet al. Conference Basic movements Office Netherlands
Paper
2017 [219] M. Werner et al. Conference Basic movements and Venetian Office Germany, New Zealand, USA, Brazil
Paper blind
2016  [220] J. Xiong and A. Article n/a Office USA
Tzempelikos
2016  [221] A.H.A. Mahmoud Article Basic movements Office Egypt
and Y. Elghazi
2016 [222] K.S. Lee et al. Article Basic movements Office n/a
2015 [223] R. Velasco et al. Article Basic movements Office n/a
2014  [224] Garg et al. Conference n/a Office India
Paper
2014 [225] F. Favoino et al. Conference n/a Office UK, Italy, Finland
Paper
2014 [226] C. Kasinalis et al. Article n/a Office Netherlands
2013 [227] J. Kim Article Basic movements Office UK
2012 [228] K. Sharaidin et al. Conference Folding technique, Basic Office Australia
Paper movements

conducted in office buildings (84.2 %). This is followed by library buildings (3 %) and educational buildings are in third place with 2.5
%. Residential, hospital, laboratory, hotel and commercial buildings are the least studied building types (Fig. 7).

In the studies on office buildings, it is seen that an office room [186,226], a section of the office building [169] and, in some cases,
the whole building [184,201] are analyzed. Analyzing different scales of spaces within office buildings (e.g. a single room, parts of a
building or the whole building) demonstrates a comprehensive approach to understanding the performance of adaptive facades.
Investigating these different scales of spaces has provided researchers with the opportunity to examine the effects of adaptive facades
at both micro and macro levels. In the context of adaptive facades, office [180,188], education [127,189], library [170,175] buildings,
as well as Residential [172], Hotel [185], Laboratory [209], and Commercial [171] buildings have been analyzed. The relatively low
percentage of studies on other building types compared to office buildings suggests that these building types have not been sufficiently
investigated in the context of adaptive facades. This highlights the need for more studies to understand the performance and opti-
mization of adaptive facades in other building types. However, the fact that different building types have been studied, although in
small proportions, shows that adaptive facades have a wide range of applications. This highlights that the technologies and strategies
developed for office buildings can potentially be adapted to other building types.

Considering the locations of the analyzed buildings, it is seen that most of them are located in the USA. After the USA, the countries
of Iran, Australia, China, UK, Germany, Egypt, Italy, Canada, India, Netherlands, Malaysia, Singapore, Japan, South Korea, Indonesia,
United Arab Emirates, Finland, Brazil, New Zealand, Sweden, Sri Lanka, Lebanon, Poland, Saudi Arabia, Turkey, Vietnam, Thailand,
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Algeria are the locations of the buildings examined in the studies by the criteria.

Adaptive facades are divided into two main groups according to their movement typologies: simple (conventional) and complex
(non-conventional) movement types (Fig. 8). Simple movement types are conventional AFs with simple geometries, such as roller and
venetian blinds. Their adaptability is limited to rotational and translational movements. Complex motions can be categorized into
basic, folding structures and biomimetic skins [20]. Non-conventional AFs with complex movement capability perform better than
conventional AFs according to energy consumption, user comfort and daylighting criteria [229]. In the analyzed studies, basic
movements [221,223,227], folding technique [62,197], venetian blind [187], light shelf [196], roller shade [184], biomimetic skins
[26] and their combined [65,189,198] movement typologies are used. In addition, adaptive typologies such as electrochromic [204]
and adaptive glazing [184], which are affected by outdoor conditions, are also included in this study. The studies analyzed basic
movements (48 %) and folding technique (27 %) movement typologies more frequently than others. Folding technique and basic
movements adaptive movement typologies were mostly used in studies to improve daylight performance [89,203,228]. The two
movement typologies have also been compared to determine the best balance between minimum energy consumption and maximum
daylight comfort. As a result, folding motion outperformed rotational motion in all four directions [200]. Similarly, it has been
confirmed that these dynamic movement types provide better daylight, user comfort and energy efficiency results than fixed shading
elements [195].

3.2. Sustainability scope, objective functions and design variables optimized

This section of the study describes the reference, sustainability criteria, objectives of the research and design parameters related to
the research in evaluating and optimizing the performance of AFs. These characteristics of the selected studies are shown in Table 6.
According to Table 6, the objectives, design variables and sustainability scopes of the selected studies in the context of AFs will be
analyzed in detail in Section 3.2.1 and Section 3.2.2.

1 Light Shelf

I Venetian Blinds
I Conventional

I Roller Shade

| Adaptive Facades

1 Basic Movements
Non-Conventional
I Biomimetic Skins
Rigid Origamis
Folding Structures

I Curved-line Folding

Fig. 8. Classification of AFs according to motion typologies.
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Table 6

Journal of Building Engineering 106 (2025) 112566

Objective functions, design variables optimized and sustainability scope.

Reference  Objectives functions Design variables Sustainability scopes
[165] Daylight, Glare Vertical- horizontal columns, hole diameters, rotation angle, slat width, slat number, Social
window (rotation angle, extension length)
[166] Energy, Daylight Building orientation, angle between PV panels and horizontal plane, ratio of the PV Environmental, Social,
panels.
[167] Visual comfort Facade module positions, users point, slat angle Social
[168] Energy, Thermal comfort, IEQ Openings of the operable window, fan(on/off), shading angle Environmental, Social
[169] Energy, Visual comfort Time, PV angle, shading type Environmental, Social
[170] Daylight, Glare Number and size of holes, vertical slats, serrated windows with southern and northern Social
orientation
[171] Visual comfort and Energy Skylight roof ratio, skylight glass types, fabric Visible transmittance, fabric coverage, = Environmental, Social
louver size and inclination
[172] Energy Orientation of the facade, opening angle of the flaps Environmental
[173] Energy, Visual comfort Facade type, glass VT and U- value Environmental, Social
[174] Daylight, Energy Glazing ratio, glass materials, module radiance material, modules rotating angle, Environmental, Social
module distance to glass, sun’s position angle
[175] View, Daylight, Energy, Facade type, structure of the dynamic facade Environmental,
Electricity cost calculation Economic, Social
[176] Energy Curve control point, site rotation, window fraction, window head and sill height, L- Environmental
shape, tower and site location, tower length-width aspect ratio, tower: base building
volume fraction, glazing VT and U- value
[177] Daylight Open, semi-open, and closed configurations, number of nodes in U and V direction, Social
The edge of module for rotational axis, distance of modules to wall
[178] Visual comfort Facade angles, configurations, orientations and locations Social
[54] Energy, Visual comfort Shading positions on facade’s grid, slat angle Environmental, Social
[47] Glare, Thermal comfort Facade rotating, sun angle Social
[179] Energy cost SHGC of the translucent insulation layer, Thickness of the concrete layer, U-factor of =~ Economic
the translucent insulation layer
[180] Visual comfort Shading type, slat’s material, light shelve, slat angle, slat view Social
[181] Daylight Facade orientations, shading devices type, slat angles Social
[89] Daylight Blind angle, facade type Social
[182] Daylight Facade orientations, facade locations/climate zones, responsive louvers rotation Social
horizontally or vertically, facade type
[183] Daylight Facade type, rotating and twisting facade Social
[184] Daylight, Energy and View Window-wall ratios, glazing materials, Solar Heat Gain Coefficient, Visible Environmental, Social
transmittance, blind materials, building locations
[65] Daylight, Energy Building orientation, blade rotation, blade size, spacing, overhang Environmental, Social
[63] Daylight, Glare Facade types, sun position Social
[185] Thermal comfort and Energy Air conditioning (on, off), shading system Environmental, Social
[66] Energy Orientation, building context, facade level height, exterior wall U-value, glazing type ~ Environmental
U-value
[186] Daylight, Electricity Shading fins, number of shading fins, tracking angle Environmental, Social
Production
[67] Glare, Energy Window direction, operation of electrochromic glass Environmental, Social
[187] Energy and occupant visual/ Building orientation, WWR, building location Environmental, Social
thermal comfort
[188] Daylight, Energy Building and facade orientations, variations of the opening size, shape of kinetic Environmental, Social
shading device
[189] Daylight Light shelf (depth of internal shelf, depth of external shelf, inclination angle of external ~ Social
shelf, fin depth, fin inclination angle
[190] Visual and Thermal comfort Shading type, transforming facade elements Social
[64] Energy Electrochromic windows behaviour, colored state, visible light transmittance in Environmental
bleached, thermal transmittance
[191] Daylight, Energy Sky condition, altitude angle and azimuth angle to identify the sun position. Environmental, Social
[192] Thermal comfort and Energy _ Environmental, Social
[26] Visual comfort Grid divisions, radius of transitory-sensitive area, hierarchically deformable louvers, Social
sun-timing positions, position of occupants, orientations
[193] Daylight, Glare Window dimensions, WWR relative position, sun position, solid angle, horizontal and Social
vertical shade element
[194] Glare, View Metal shading attributes: height, length, strand, bond, angle Social
[195] Visual comfort, Energy Shading device type Environmental, Social
[196] Visual comfort and Thermal Light-shelves: position height, external and internal part angle, External and internal ~ Environmental, Social
Energy depth ratio
[197] Daylight, Energy Various dynamic and static adaptive building envelope design Social
[198] Daylight, Energy Slat angle, shading type Environmental, Social
[199] Visual comfort and Lighting Tilt angle of the slats Environmental, Social
[200] Visual comfort, Energy Dynamic facade parameters: component size, axis, transmittance Environmental, Social
[201] Energy, Visual performance Facade type, adaptive facade: Tvis and U- value Environmental, Social
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Table 6 (continued)

Reference  Objectives functions Design variables Sustainability scopes
[202] Energy, Solar Irradiation and PV installation strategies: inclined angle, distance-to-length ratios Environmental,
Economic cost Economic
[203] Visual comfort Glass color, kinetic facade angle Social
[204] Visual comfort, Thermal Facade system, control strategies Environmental, Social
comfort and Energy
[205] Daylight, Energy Geometric configurations of climate-adaptive building envelopes type, openness Environmental, Social
[206] Daylight Position height, external and internal depth ratio, External and internal part angle Social
[62] Visual comfort Time parameters, timing nodes, hexagonal module materials, indoor view angle Social
[127] Daylight, Energy Environmental, Social
[207] Daylight and Glare Degree of shading structure, shading geometry patterns Social
[208] Energy, Visual comfort Window-to-wall ratio, facade material U and SGHC values Environmental, Social
[209] Thermal Comfort Characteristics of the Adaptive Facade: Tsol, Tvis, SHGC, U-value Social
[210] Daylight, Energy Type movable shading device Environmental, Social
[211] Daylight Social
[212] Daylight and Glare Rosette rotation motion, distance to facade and radiance material, louver radiance Social
material, louver translation motion, glass material
[213] Solar Radiation, Energy Material layer Environmental
[214] Visual comfort, Energy Thermochromic glazing characterized by different five hysteresis widths, building Environmental, Social
location
[215] Daylight, Energy Facade configurations Environmental, Social
[216] Energy Glazing types, wall insulation, infiltration, depth of vertical shading elements and Environmental
window overhang, rotation angle of vertical shading elements
[217] Energy, Thermal comfort Adaptive insulation design and control parameters Environmental, Social
[218] User Comfort, Energy Tilt angle Environmental, Social
[219] Energy Facade systems, facade area, building location Environmental
[220] Visual comfort, Energy Model-based control strategies Environmental, Social
[221] Daylight Kinetic motion type Social
[222] Daylight Horizontal/vertical angle adjustment of the louver, number of louvers, louver depth,  Social
number of window panel divisions in the U and V direction, ratio of remove from the
entire window panel, number of seed point patterns, random variable for seed points
[223] Daylight Shading facade state, shading rotating angle Social
[224] Thermal comfort and Energy Azimuth Angle, window wall ratio, overhang depth, aspect ratio, glass type Environmental, Social
[225] Energy Building location and orientation, U-wall, U-glazing, g-value, Tvis Environmental
[226] Energy, IEQ Specific heat, thermal conductivity, density, external surface absorptance, window to Environmental, Social
wall ratio, glazing properties
[227] Daylight Opening patterns on the building facade Social
[228] Daylight Types of motion Social

3.2.1. Optimized objectives in the context of Afs

Hashempour et al. [217] divided the objectives into three main dimensions of sustainability: environmental (1), economic (2) and
social criteria (3). In this study, the objectives of the studies selected by the criteria were analyzed within the scope of sustainability
criteria. It was confirmed that 54 % of these studies were single-criteria, 43 % were two-criteria, and 3 % used all three objectives
together (Fig. 9).

It is seen that 42 % of the sustainability aspects are environmental and social, 40 % are social, 13 % are environmental, 3 % are
environmental, social and economic and the remaining 2 % are environmental, economic and only economic aspects. The objective
functions in the reviewed studies are mainly related to energy [270,315,327], visual comfort (glare, view out, daylight) [32,87,265],
thermal comfort [308], indoor air quality [266], solar radiation [312], IEQ [24], solar irradiation and energy cost [301] (Fig. 10).

A summary of the objective functions used in the optimization of the performance of AFs is given below.

3%

43%
54%

m Triple criteria ®Double criteria Single criteria

Fig. 9. Percentage of single-criteria, two-criteria and three-criteria sustainability aspects of the analyzed studies.
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Fig. 10. Percentage distribution of the objectives in the analyzed studies.

- Energy-related (14.7 %): different objective functions have been established for energy consumption [64,216,219,225], energy
demand [66,166], energy load minimization [67], energy efficiency and conservation [176,199] and energy intensity [196].
- There are objective functions related to visual comfort and thermal comfort [190,209], but in the studies conducted in the context
of AF, the objective functions are mostly related to visual comfort (30.7 %) [26,62,63,170,178,180,203]. Wang et al. [47] used
different objective functions for visual comfort, such as maximizing daylight performance and appearance, minimizing glare and
uncomfortableness. In addition, daylighting metrics such as mean useful daylight illuminance (UDI) [182], mean daylight au-
tonomy (DA) [177], Spatial Daylight Autonomy (sDA) and Annual Sunlight Exposure (ASE) [181], daylight factor (DF) [183] are
used as objective functions.
There are objective functions for visual comfort and energy performance (37.3 %) [54,67,169,171,173,175,184,195,196,199-201,
208,214,220]. Generally, the most researched objectives in a multi-objective optimization for evaluating the performance of AFs
are minimizing energy consumption and maximizing daylight performance (40 %) [65,127,166,174,188,205,210,215].
Objective functions related to thermal comfort and energy account for 5.3 % of the studies [168,185,192]. In addition, although
there are studies on indoor air quality [168], energy cost [187,202,204,213], they are not the most studied objective functions.

Single or multi-objective optimization methods can be used to optimize these objectives. Single-objective optimization addresses
only one objective, while multi-objective optimization can address multiple objective functions simultaneously [230].
Multi-objectiveness requires a trade-off between different objectives. This usually leads to Pareto optimal solutions because it can often
be challenging to optimize multiple objectives simultaneously. A solution can focus on simultaneously optimizing optimization tasks
that involve multiple (conflicting) objectives. Such approaches also allow for the integration of different user-specific objectives [87].
In the context of adaptive facades, the multi-objective optimization process requires a balance of two or more objectives that can be
optimized. Simultaneously, optimizing these objectives, such as minimizing energy consumption while maximizing visual and thermal
comfort, defines a MOO problem. In the context of the evaluation and optimization of the performance of AFs, it is seen that 53 % of the
studies examined used multi-objective optimization and 47 % used single-objective optimization.

3.2.2. Optimized design variables in the context of Afs

In adaptive facades, different design parameters play an essential role in the performance of the facade system. Therefore, various
design parameters have been used in adaptive facade optimization. The design parameters commonly used to optimize the perfor-
mance of adaptive facades in the reviewed studies are given in Table 6. These can be categorized as opaque material properties,
window properties, control strategies, airflow, orientation, building location and facade configuration (open, semi-open, and closed
configurations). For opaque facades, material selection [181,195,210], windows [174,212,216] and properties related to insulation
material [217] have been frequently studied. In window use, glazing type [224,226], coverings [212], number of window panels [222]
and window-to-wall ratio [184,208] have been the most interesting design variables. Variables related to window thermal perfor-
mance are also considered for optimization: visible light transmittance (VLT) (%) [224], solar heat gain coefficient (SHGC) [179,184],
total solar energy transmittance (g-value) [226], heat transfer coefficient (U-value). Electrochromic glass properties can vary ac-
cording to external conditions [64] and user comfort [203]. This way, energy [64] and daylighting performance [203] can be further
improved. Adaptive shading systems, blinds, roller shades [198], louvers [182], complex adaptive systems [180] or adjustable panels
[166,183] are used as design variables. In the studies, these systems are generally optimized with their distance from the facade [174],
rotation angles [183,199], size/depth [216], position on the facade [167,206] and transmittance [64,200] values. In this way, un-
desirable solar effects and glare can be controlled. Detectors [190], sensors, actuators [191] and control variables [89,180,199] that
control the adaptive motion characteristics of the facade are other design parameters used for optimization. Airflow is the variable
used to design the adaptive facade to allow controlled natural ventilation [185]. This design variable directly affects indoor air quality,
energy consumption and user comfort. The orientation of the building [65,66,166,170] and the configuration of the facade elements
(open/closed) [178,215] are other design variables used in the studies. Since these design variables are related to sun exposure and
shading, they are also known to impact energy consumption [205] and visual comfort [177]. Finally, climatic characteristics: Sun’s
position angle [47,174], global solar radiation and direct normal radiation to characterize the sky condition, altitude angle and azi-
muth angle [191] were used as design variables. Climate-specific conditions such as temperature variations, rainfall and wind con-
ditions impact design decisions.
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3.3. Optimization methods, modelling/visualization, simulation and optimization tools

When AF systems are used in buildings, a balance can be achieved between energy efficiency, user comfort and other objectives. In
order to achieve this balance, the optimum values of the parameters described in the previous section should be known. In order to
determine the most suitable parameters according to the purpose of the study and to determine the optimum values of these variables,
an optimization process must be performed. In order to implement the optimization process, simulation, software, modelling programs
and optimization tools are needed. The artificial intelligence optimization methods, modelling programs, simulation and optimization
tools used to obtain the best performance from AFs are summarized in detail in Table 7. The detailed results and analyses are described
in Sections 3.3.1 and 3.3.2, respectively.

3.3.1. Optimization methods in the context of AFs

Al optimization algorithms play an essential role in optimizing the performance of adaptive facades depending on various factors
and constraints. The Al optimization algorithms used in the reviewed studies are as follows: Genetic algorithm (NSGA-2, MOGA,
MOEA), Brute Force Search Algorithm, Parametric Behavior Map (PBM) algorithm, Fuzzy logic, Generalized Pattern Search (GPS)
algorithm, Particle Swarm Optimization (PSO), Machine learning algorithms, Model-based control algorithm (MBC), Raytracing al-
gorithm, Variations-Oriented Algorithm, Simulated Annealing Algorithm, Simulation and-Rule based optimization, Balancing Com-
posite Motion Optimization (BCMO), Deep learning algorithm, Radial Basis Function Neural Network (RBF), Modified Firefly
Algorithm (MFA), integer Programming Algorithm, Time-Saving Algorithm, Arithmetical Optimization Algorithm, Multi-domain
optimization and their combination (Genetic algorithm- ANN, Generalized Pattern Search algorithm (GPS) - Particle Swarm Opti-
mization (PSO) algorithm). In addition to these artificial intelligence optimization algorithms, methods such as parametric simulation,
statistical analysis and sensitivity analysis were also used to evaluate the performance of AFs (Fig. 11). Fig. 11 shows the critical role of
Al optimization algorithms in the evaluation and optimization of the performance of adaptive facades. The diversity and integration of
these methods ((GA- ANN, GPS - PSO)) demonstrates the complexity of the problems for AF systems and the need for innovative and
versatile approaches to reach optimum solutions.

The genetic algorithm is the most frequently used optimization method (RQ1 - 35.2 %). Multi-objective evolutionary optimization
algorithms such as Multi-objective GA (MOGA) and Non-Dominated Sorting Genetic Algorithm IT (NSGA-II) were frequently used in
the studies. Genetic algorithms are preferred over other algorithms due to the reduction of optimization computation time [231], the
use of evolutionary solvers for parametric design of adaptive facades (Galapagos, Octopus and Wallacei) and their effectiveness in
solving nonlinear problems with local minimum and maximum [232]. This is important for AF optimization, where performance
metrics (e.g., energy efficiency, thermal comfort, visual comfort) often have non-linear relationships with design variables. In addition,
other AI methods such as Particle Swarm Optimization (PSO), Fuzzy Logic, Deep Learning, and Simulated Annealing also play an
important role in the evaluation and optimization of the performance of AFs. The use of different Al algorithms meets the need to
develop optimal solutions for various design parameters and different purposes. This diversity shows that there is no single best
approach. Instead, different studies apply the best performing algorithm for each problem based on specific design constraints, per-
formance criteria, and computational limitations. Moreover, integrating parametric simulation, statistical analysis, and sensitivity
analysis in the performance evaluation and optimization process of adaptive facades highlights the need for comprehensive perfor-
mance evaluation methods as well as Al-based algorithms.

3.3.1.1. Genetic algorithms in the context of AFs. Genetic algorithm (GA) is the most commonly used method in the analyzed studies.
Among the multi-objective evolutionary optimization algorithms for solving problems, Multi-objective GA (MOGA) [65,174] and
Non-Dominated Sorting Genetic Algorithm II (NSGA-II) [217,226] algorithms are used. Multi-objective Genetic Algorithms are
modified versions of GA and differ from GA in terms of fitness function [233]. Adaptive facade systems may need to balance multiple
objectives that often conflict with each other. For example, maximizing daylighting while minimizing energy consumption may be
desirable. MOGAs can perform well in finding the best trade-offs between conflicting objectives and Pareto-optimal solutions [169,
170,197]. There are tools that combine objective and constraint functions from different disciplines and process them simultaneously.
For example, genetic algorithms are preferred over other algorithms due to the use of evolutionary solver plugins such as Galapagos
[222], Octopus [194] and Wallacei [193]. The use and functionality of Octopus is similar to Galapagos. However, while Galapagos can
only generate a shape for one target value, Octopus is suitable for expressing and evaluating multiple targets at the same time [210]. In
studies conducted by different researchers [62,207,212], they used Galapagos based on an evolutionary genetic algorithm to achieve
maximum visual comfort. Ozdemir and Gakmak [63] used genetic algorithm to optimize daylight and glare quality of dynamic shading
systems. The method used maximized visual comfort.

Similarly, the optimization of controllable light shelf parameters by genetic algorithm [206] and the configurations of kinetic
motions for daylight optimization in the early design phase have been studied [228]. While the above studies focus on the visual
performance of AFs, F. Carlucci et al. [64] aimed to minimize the total energy consumption using a genetic algorithm. In addition,
Multi-Objective Evolutionary Algorithm (MOEA) [171,183,190,196,197,210], Non-Dominated Sorting Genetic Algorithm (NSGA-2)
[169,177,185,193,217,226] and Multi-Objective Genetic Algorithm (MOGA) [65,174] have been frequently used to optimize multiple
objectives. Sorooshnia et al. [193] used one of these multi-objective optimization algorithms, NSGA-2, to increase useful daylight and
minimize the probability of daylight glare. Similarly, Sadegh et al. [177] developed a system that supports the performance of kinetic
facades from the early design stage using Multi-Objective Evolutionary Algorithms (MOEA) and verified that this system improves the
natural lighting performance.

16



R. Ogliik et al.

Table 7

Optimization methods, modelling/visualization, simulation and optimization tools in the context of adaptive facades.
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Reference  Optimization Methods Modeling/Visualization tools SIM Tools Optimization Tools
[165] MOGA and ANN Rhino-Grasshopper Radiance Grasshopper
[166] Decision Tree Classifier, Sensitivity analysis n/a EnergyPlus Python
[167] Fuzzy Logic and Genetic Algorithm Rhino-Grasshopper Ladybug-tools, Radiance and Python
DAYSIM
[168] Multi-domain Optimization n/a IDA ICE Python
[169] MOEA Rhino-Grasshopper Ladybug Tools, EnergyPlus Grasshopper- Wallacei
[170] MOGA and ANN Rhino-Grasshopper Radiance Grasshopper
[171] MOEA Rhino-Grasshopper EnergyPlus, Dayism, and Grasshopper (octopus)
Radiance
[172] Time-Saving Algorithm IES.VE IES.VE Excel software
[173] Arithmetical Optimization Algorithm DesignBuilder EnergyPlus MATLAB (MLE + toolbox)
[174] MOGA Rhino-Grasshopper EnergyPlus, Radiance Grasshopper- Octopus
[175] n/a Rhino-Grasshopper, Revit Ladybug Tools, DAYSIM Grasshopper
[176] Sequential Search Rhino-Grasshopper EnergyPlus n/a
[177] MOEA, NSGA-2 Rhino-Grasshopper EnergyPlus Grasshopper
[178] Brute Force Search Algorithm Rhino-Grasshopper Radiance R software
[54] Parametric Simulation Rhino-Grasshopper EnergyPlus Python
[47] Convolutional Neural Network Rhino-Grasshopper EnergyPlus Python
[179] GA, Model predictive control n/a EnergyPlus MATLAB
[180] Brute Force Search Algorithm Rhino-Grasshopper EnergyPlus Grasshopper
[181] Parametric simulation Rhino-Grasshopper Ladybug, Honeybee, Grasshopper
DAYSIM, Radiance
[89] Integer Programming Algorithm and Simulated Rhino-Grasshopper Radiance Grasshopper
Annealing Algorithm
[182] Brute-force search algorithm Rhino-Grasshopper EnergyPlus/(DIVA) Grasshopper
[183] MOEA Rhino-Grasshopper (Climate Radiance and EnergyPlus Grasshopper (Wallacei X)
Studio) (Climate Studio)
[184] Parametric Simulations, Robust multi-criteria Rhino-Grasshopper Radiance and EnergyPlus Grasshopper
decision-making, Sensitivity analysis (Climate Studio)
[65] MOGA Rhino- Grasshopper Radiance and EnergyPlus Grasshopper (octopus)
[63] GA Rhino-Grasshopper ClimateStudio tools, Ladybug  Grasshopper (Galapagos)
[185] NSGA-2 Rhino-Grasshopper DAYSIM, Radiance, and Grasshopper (octopus)
EnergyPlus
[66] ANN Rhino-Grasshopper EnergyPlus MATLAB
[186] n/a SketchUp EnergyPlus, De Luminae n/a
software
[67] K-Nearest Neighbor Algorithm DesignBuilder EnergyPlus n/a
[187] Brute-force search algorithm Rhino-Grasshopper EnergyPlus and OpenStudio, n/a
Radiance and Daysim
[188] Balancing Composite Motion Optimization Rhino-Grasshopper DIVA MATLAB
[189] Parametric simulation and GA, Sensitivity n/a Radiance n/a
analysis
[190] Parametric simulation and GA Rhino-Grasshopper Ladybug-Honeybee Grasshopper(octopus)
[64] GA n/a EnergyPlus Python
[191] Machine learning Rhino-Grasshopper DIVA n/a
[192] Simulated Annealing Algorithm n/a n/a ASA software
[26] Parametric simulation Rhino-Grasshopper DIVA Grasshopper
[193] NSGA-2 Rhino-Grasshopper Radiance and EnergyPlus Grasshopper (Wallacei X)
[194] Multi-Objective Optimization, Sensitivity Rhino-Grasshopper Radiance and EnergyPlus Grasshopper (octopus)
analysis
[195] Multi-objective Optimization Rhino-Grasshopper EnergyPlus Grasshopper (Colibri
plugin)
[196] GA Rhino- Grasshopper Radiance and EnergyPlus Grasshopper (octopus)
[197] Parametric behavior map, MOEA Rhino-Grasshopper EnergyPlus Grasshopper(octopus)
[198] n/a n/a EnergyPlus n/a
[199] Radial Basis Function Neural Network Rhino-Grasshopper DIVA n/a
[200] Parametric simulation Rhino- Grasshopper Radiance and EnergyPlus Grasshopper
[201] Modified Firefly Algorithm Revit EnergyPlus Python (Eppy)
[202] n/a Rhino-Grasshopper and Radiance and EnergyPlus n/a
SketchUp
[203] Parametric simulation Rhino-Grasshopper Radiance and EnergyPlus Grasshopper
[204] Simulation-based optimization and Rule based LBNL window software Radiance and TRNSYS n/a
optimization
[205] Parametric behavior map algorithm Rhino-Grasshopper Ladybug and Honeybee Grasshopper
[206] GA Rhino-Grasshopper Radiance Grasshopper (Galapagos)
[62] GA Rhino-Grasshopper and EnergyPlus Grasshopper (Galapagos)
SketchUp
[127] SVM and Simulated Annealing Algorithm Rhino-Grasshopper Radiance Python
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Table 7 (continued)

Reference  Optimization Methods Modeling/Visualization tools SIM Tools Optimization Tools
[207] GA Rhino-Grasshopper (DIVA) DIVA Grasshopper and Python
[208] n/a Rhino- Grasshopper (DIVA) DIVA, EnergyPlus n/a
and DesignBuilder
[209] n/a Rhino- Grasshopper Radiance and EnergyPlus n/a
[210] MOEA Rhino-Grasshopper Radiance and EnergyPlus Grasshopper (octopus)
[211] ANN Revit/Dynamo DOE-2 Neural Builder
[212] GA Rhino- Grasshopper Radiance and DAYSIM Grasshopper (Galapagos)
[213] n/a Rhino and Ecotect n/a n/a
[214] Raytracing algorithm Rhino- Grasshopper DAYSIM and EnergyPlus Grasshopper
[215] Variations-oriented algorithm Diva-for-Rhino-Grasshopper Radiance and EnergyPlus Grasshopper
and Archsim
[216] GA and AR optimization Rhino-Grasshopper Radiance and EnergyPlus Grasshopper
[217] NSGA-2 SurfaceControl: EnergyPlus MATLAB
Movablelnsulation
[218] Facade Optimization System Rhino- Grasshopper DIVA MATLAB
[219] n/a DALEC DALEC n/a
[220] Model-based control Algorithm WINDOW 7 Software n/a Matlab v8.5 (R2014b) and
LabVIEW Software
[221] Parametric simulation Rhino- Grasshopper DIVA Grasshopper
[222] GA Rhino- Grasshopper Radiance (DIVA) Grasshopper (Galapagos)
[223] Fuzzy Logic, Computational simulations Rhino- Grasshopper Radiance MATLAB
[224] Generalized Pattern Search algorithm and WinOpt EnergyPlus GenOpt
Particle Swarm Optimization
[225] Hybrid optimization algorithm, (Particle Swarm  n/a EnergyPlus GenOpt/MATLAB
Optimization with Generalized Pattern Search)
[226] NSGA-2 n/a DIVA, TRNSYS n/a
[227] Parametric simulation Rhino- Grasshopper (DIVA) Radiance Grasshopper
[228] GA Rhino- Grasshopper, Ecotect Ecotect Grasshopper (Galapagos)

It is essential to improve the visual comfort of building users and reduce energy consumption. To achieve these objectives, it is
necessary to maintain useful daylight levels and reduce glare [193]. Besbas et al. [174] investigated the performance of an adaptive
exterior shading system using the multi-objective genetic algorithm to minimize energy use intensity and maximize visual comfort.
The results showed that the adaptive facade system is better than the existing system in terms of both visual comfort and energy
performance. R.P. Khidmat et al. [65] used a multi-objective optimization (MOO) approach to optimize daylighting and energy
consumption in three cities. This approach seems to provide an improvement in daylighting and a reduction in energy consumption. In
addition to these studies, Biloria et al. [169] compared the performance of an adaptive photovoltaic shading system with a fixed
photovoltaic (PV) system. Using multi-objective evolutionary computational methods, they found that an adaptive PV shading system
maximizes the energy produced while maintaining visual comfort.

3.3.1.2. Brute Force Search Algorithm in the context of AFs. Brute Force Search Algorithm are algorithms used to solve pattern search
problems [234]. The algorithm searches all solution spaces and paths. It has less iteration time compared to heuristic algorithms. This
method shows the results of the objective function heuristically and can directly use possible solutions to calculate the objective
function. Brute Force Search Algorithm is slow in solving energy related multi-objective optimization problems [235]. Several re-
searchers have used this method in the evaluation and optimization of the performance of adaptive facades [178,180,182,187]. N.H.
Matin et al. [178] used the Brute Force Search algorithm to determine the optimum values of orientations and locations for different
facade alternatives to improve natural lighting in interior spaces. Using this method, it was revealed that various parameters increase
the amount of indoor natural light in all possible scenarios [182]. Valitabar et al. [180] designed a complex shading system to improve
visual comfort and maximize visibility through the Brute Force Search algorithm. The results confirmed that the proposed system
improves daylight performance and maximizes outdoor visibility in a glare-free environment. Tabadkani et al. [187] also applied the
Brute Force Search method to automatic shading element control scenarios under different climatic conditions and investigated user
comfort and energy load regarding objective functions. The results show that different climatic conditions affect the shading element
control scenario and the optimum scenario increases the lighting load while increasing the user comfort.

3.3.1.3. Machine learning algorithms in the context of AFs. Machine learning algorithms and their application areas are described in
Section 2.3. It is seen that machine learning algorithms such as Decision Tree Classifier (DTC) [166], ANN [66,211], Support Vector
Machine (SVM) [127] and K-Nearest Neighbor (K-NN) [67] are used to evaluate the performance of adaptive facades in the reviewed
studies. In addition, a comparison of multiple machine learning algorithms (K-NN, SVM, Random Forest (RF)) in a single study was
conducted [191]. Liu et al. [166] used DTC, supervised machine learning, to predict the tilt angle of PV panels depending on changing
conditions and to develop the Adaptive Control Model (ACM). Weather data and space conditions are used as input parameters in the
model. ANN was chosen to build the prediction model. A. Alammar and W.Jabi [66], using existing simulation tools to evaluate the
performance of AFs is both a time-consuming and complex process. This study presents an ANN model-based approach that can predict
the hourly cooling loads of AF systems in a shorter time compared to existing simulation tools. The prediction results show that the
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Fig. 11. Percentage distribution of Al methods used in the performance evaluation and optimization of AFs.

proposed model is a reliable model that can predict the cooling loads in a very short time. K. Hiyama and Y. Omodaka [67] used
another method, the KNN algorithm, to solve the problem of undesirable cooling processes in certain seasons. The machine learning
algorithm successfully solved this problem. In addition to these studies, Zhu [191] used machine learning algorithms such as KNN,
SVM and Random Forest (RF) to train prediction models for shading device control with data obtained from daylight simulation. It is
verified that the prediction models using machine learning algorithms have high accuracy. In addition, this designed shading system
provided significant savings in lighting energy. In general, machine learning algorithms used within the scope of adaptive facades are
important algorithms used for purposes such as adaptation to climatic conditions, model prediction, prevention of failures in facades,
analysis of data through sensors used, energy efficiency of buildings and ensuring user comfort.

3.3.1.4. Mixed algorithms in the context of AFs. Adaptive facades can have complexities that a single approach cannot always solve. By
combining more than one technique, the evaluation of adaptive facade performance and the relationship between various parameters
can be better represented. While some studies use only one artificial intelligence optimization algorithm to evaluate the performance of
adaptive facades, some studies use hybrid studies in which these techniques are used together. These methods include Multi-Objective
Genetic Algorithm (MOGA) and Artificial Neural Network (ANN) [170], Fuzzy Logic and Genetic Algorithm [167], Integer Pro-
gramming Algorithm and Simulated Annealing Algorithm [89], Parametric simulation and Genetic algorithm optimization [190],
Machine learning (SVM) and Simulated Annealing Algorithm [127], Particle Swarm Optimization with Generalized Pattern Search
[225], Generalized Pattern Search (GPS) algorithm and Particle Swarm Optimization (PSO) algorithms [224] can be given as ex-
amples. Rizi and Eltaweel [190] applied parametric simulation and Genetic algorithm optimization to improve user comfort.
Tabadkani et al. [167] used fuzzy logic and genetic algorithm to design adaptive facade modules according to the visual comfort
conditions of users. To find the best fuzzy score, a random search process was performed among the pre-recorded datasets and genetic
algorithm was applied to find the optimal solution. The results showed that visual comfort for users was significantly improved.
Similarly, Wen et al. [170] optimized the design parameters of a shading device using MOGA to improve users’ visual comfort. ANN
was used to reduce the simulation time for daylighting, while MOGA optimized the design parameters of the shading device.
Furthermore, L. Shen and Y. Han [89] combined the fast-linear daylight surrogate model with an integer programming algorithm to
evaluate the performance of AFs. This proposed approach has been useful in adaptive facade design. Adaptive facades may involve
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multiple design parameters, objectives and constraints. These techniques can solve optimization problems where conventional
methods are complex. It may be advantageous to use these techniques together to utilize the strengths of each technique. For example,
using artificial intelligence optimization algorithms to search for optimal solutions while machine learning algorithms predict the
performance of models can speed up the optimization process.

3.3.1.5. Other algorithms in the context of AFs. In addition to the algorithms used above, other methods used to evaluate the per-
formance of adaptive facades can be listed as follows: Time-Saving Algorithm [172], Arithmetical Optimization Algorithm [173],
Multi-domain optimization [168], Modified Firefly Algorithm (MFA) [201], Sequential Search [176], Parametric simulation [26,181,
184,200,203,221], Balancing Composite Motion Optimization (BCMO) [188], Fuzzy Logic [223], Model-based control Algorithm
(MBC) [220], Variations-oriented algorithm [215], Raytracing algorithm [214], Simulated Annealing Algorithm [192], Radial Basis
Function Neural Network [199], Rule Based optimization [204], Parametric Behavior Map (PBM) algorithm [205]. Shi and Pouramini
[173] used arithmetic optimization algorithm method integrated with simulation tools to achieve energy efficiency. The proposed
approach was applied to office spaces of different sizes. The results showed that energy consumption was reduced in two different
offices. Similar to the previous study, Bui et al. [201] proposed a computational optimization approach to improve energy efficiency in
buildings. The study’s results confirmed that a reduction in energy consumption was achieved. Parametric simulation was used in more
than one study to investigate the effect of different kinetic facade configurations on daylighting performance. The simulation results
proved that kinetic facade configurations show high performance for improving daylighting performance compared to the existing
situation [26,203,221]. Parametric simulations have also evaluated daylighting performance and energy [200] and users’ view [184]
analyses. The results of the studies have shown that visual comfort performance is achieved and significant savings in building energy
consumption can be achieved. In general, in the design of adaptive facade systems, artificial intelligence methods and different in-
tegrated methods are used to balance energy efficiency and user comfort. The choice of optimization method for adaptive facades and
their typologies will vary depending on the objectives and constraints of the problem, design criteria and available data. When the
problem uses these methods, it is seen that the performance of adaptive facade systems is significantly improved.

3.3.2. Software tools used to evaluate the performance of AFs

In order to optimize the performance of a building in the context of AFs, simulation, modelling, visualization, and optimization
tools are needed. The percentages of optimization tools used in the studies are shown in Fig. 12. Fig. 12 shows that optimization tools
such as Python, Grasshopper, Excel software, MATLAB, R software, ASA software, NeuralBuilder and GenOpt are used in the context of
adaptive facades. The diversity of optimization tools (Python, MATLAB, R, GenOpt, etc.) used to evaluate the performance of AFs
indicates that an interdisciplinary approach has been adopted, including architectural design, building simulation and artificial AI-
supported computational methods. Some studies used tools such as Excel [172] and MATLAB [220] for numerical and statistical
analysis. These tools are especially preferred for simulation data processing and manual optimization processes. Moreover, the use of
Al-assisted tools such as NeuralBuilder shows the increasing use of machine learning in AF optimization [211]. This indicates that
predictive modeling and methods using Al algorithms will increase in importance in future studies. Grasshopper (47 %) was the most
frequently used tool for optimization in the reviewed studies. Grasshopper, which is a visual programming language and design tool,
has become a new generation tool that is frequently used for the design and optimization of adaptive facades among the reviewed
studies; (1) its flexibility in design, (2) its ability to perform parametric design, (3) its modelling and visualization features, (4) its
ability to work integrated with simulation tools, (5) its integration with tools based on evolutionary-based algorithms such as Gal-
apagos, Octopus and Wallacei for optimization.

Simulation tools are software used to assess building performance (energy consumption, comfort, environmental impacts, etc.),
usually in the early design phase [103]. Figs. 13 and 14 show the distribution of different energy simulation tools and building
modelling or visualization programs, respectively. When the figures were analyzed, researchers used EnergyPlus (43 %) and
Rhino-Grasshopper (68 %) the most. EnergyPlus simulation tool: It has been used for many calculations such as building energy
modelling [66,166,173,176], visual [54,177,195] and thermal comfort [180], indoor air quality, climate and daylighting [182,184]
analyses. EnergyPlus has become the most widely used software in the optimization process of adaptive facades due to its easy

ASA software NeuralBuilder GenOpt
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Excel software
1%

nia
23% Grasshopper
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Fig. 12. Percentage of the use of optimization tools among analyzed studies.
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Fig. 13. Percentage of the use of simulation tools among analyzed studies.
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Fig. 14. Percentage of building modelling and/or visualization tools among analyzed studies.

integration into programs that serve as interfaces, the open source of the software [236] and its integration with Building Information
Modelling (BIM) [201]. In summary, this has made EnergyPlus an essential tool for evaluating the performance of adaptive facades,
which can vary in different scenarios. Also, DOE-2 (1 %) [211], Radiance (31 %) [89,170,174,178,189,202,203,222,223,227],
TRNSYS (2 %) [204,226], IESVE (1 %) [172], DIVA (10 %) [26,188,191,199,207,208,218], simulation tools such as IDA ICE (1 %)
[168] and Ladybug & Honeybee (7 %) [63,167,169,175,181,190,205] are also used in the optimization process of adaptive facades.
These tools are generally used for the calculation of objective functions.

Radiance, another frequently used tool, is a professional toolkit that can analyze lighting. It is a user-friendly software with an
extensive library of materials, glass and lighting armatures. It contributes to energy-efficient lighting and natural lighting strategies in
building design [237]. Studies show that adaptive facades are widely used in evaluating daylight [89,189,222], glare and view [170,
178] performances. DIVA is another natural lighting calculation plugin, but it has been replaced by the newer and more advanced
ClimateStudio tool. Integrated with EnergyPlus and RADIANCE tools, ClimateStudio is a fast and reliable simulation software [238].
This simulation tool has been generally used for the calculation of daylight (daylight factor (DF), spatial daylight autonomy (sDA), and
annual sunlight exposure (ASE)) indices of adaptive facades [183] and the evaluation of glare performance [63].

TRNSYS is used in building energy performance assessments. TRNSYS is used less in the performance evaluation of AFs than other
software. It is seen that the TRNSYS simulation engine is used with Radiance software to evaluate visual comfort, thermal comfort, and
energy [204], and DIVA software to evaluate visual comfort, energy, and IEQ performance [226]. Grasshopper’s ability to work in-
tegrated with different simulation programs [118] has enabled it to be frequently used in single or multi-objective problems of
adaptive facades. Ladybug & Honeybee software has been used in more than one study for the evaluation and visualization of daylight
[181], thermal comfort [190], energy and visual comfort performances [169,175,205] of adaptive facades. When other simulation
tools are analyzed in the context of AFs, IESVE software energy [172], DOE-2 software daylighting [211], IDA ICE software air quality,
thermal comfort and energy performances [168]. The simulation tools in this context enable researchers to optimize the design of
adaptive facades and typologies for energy efficiency, indoor comfort and overall building performance.
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4. Conclusions
4.1. Summary of main findings

Adaptive facades and typologies are building elements that can respond to changing user requirements and external weather
conditions. These facades can balance energy consumption by providing insulation, shading and ventilation against adverse external
conditions. In addition, balancing indoor temperature fluctuations provides thermal and visual comfort for users. With their adapt-
ability, AFs can make a building resilient to changing conditions, provide aesthetic appearance by including dynamic elements, reduce
the need for artificial lighting, and increase visual comfort by optimizing daylight. In summary, adaptive facades and their typologies
significantly maximize building performance regarding energy efficiency, comfort, and sustainability. In order to balance these
interacting objectives that need to be minimized or maximized, various artificial intelligence optimization methods, a range of
simulation tools, software and their combined approaches are needed. For these reasons, this paper aims to provide an overview of the
literature on Al algorithms, simulation tools, visualization/modelling tools, and software used to optimize the performance of adaptive
facades and their typologies to guide future work. Within the scope of the study, a detailed systematic literature review was conducted
using scientific databases such as Scopus, Web of Science, Environment Complete and Green File. The main findings obtained from the
analysis of the studies selected by the criteria and the objectives of the study are summarized as follows.

e In most case study locations in the USA, it is observed that the majority of the building type under case study is office building
spaces. In studies on office buildings, it is seen that an office room, a section of the office building and, in some cases, the whole
building are examined. Library and education buildings are among the most studied building types after office buildings. In
addition, residential, hospital, laboratory, hotel and commercial buildings are the least studied building types.
Simple and complex movement types, which are adaptive facade movement typologies, have been addressed in most studies. The
studies observed that basic movements and folding technique typologies, which are complex movement types, were examined more
frequently than other typologies.
In this study, the objectives of the studies selected by the criteria were examined within the scope of sustainability criteria. It has
been confirmed that while environmental and social scope are the most frequently addressed scopes together, the least addressed
scope is economic. The objective functions in the reviewed studies are mainly related to energy, visual comfort (glare, view out,
daylight), thermal comfort, solar radiation, IEQ, solar irradiation and energy cost. Single or multi-objective optimization methods
can be used to optimize these objectives. The objectives related to visual comfort (daylight, glare, view) were the most frequently
used, while energy costs and IEQ were the least studied. In general, single or multi-objective optimization methods can be used to
optimize these objectives. Multi-objective optimization constitutes an essential part of the studies examined in evaluating and
optimizing the performance of AFs.

The design variables that optimize the objectives are opaque material properties, window properties, control strategies, airflow,

orientation, building location and fagade configuration (open, semi-open, and closed configurations), and climatic characteristics.

e Among the artificial intelligence optimization techniques, GAs (GA, NSGA-2, MOGA) were found to be the most widely used
optimization algorithms. GAs are shown to be quite effective in the optimization of adaptive facades (AF) due to their ability to
solve complex, low computational time and nonlinear problems [73,75,165]. NSGA-2 and MOGA differ from GA in terms of fitness
function. These algorithms are multi-objective genetic algorithms to be applied to optimize multi-objective problems in evaluating
the performance of adaptive facades. The widespread use of multi-objective evolutionary algorithms such as NSGA-II and MOGA
highlights the importance of balancing multiple performance criteria in optimizing AFs. Moreover, evolutionary-based algorithms
[193,194,222] (e.g., Galapagos, Octopus, Wallacei), which can be used as integrated tools in parametric modeling and visual
programming language tools, are frequently used in the optimization process of adaptive facades. Parametric simulations, Brute
Force Search Algorithm and Machine Learning algorithms are other frequently used methods for evaluating the performance of
adaptive fronts. The use of numerous Al optimization algorithms [167,192,225] (e.g., Particle Swarm Optimization, Fuzzy Logic,
Deep Learning, Simulated Annealing) in the optimization of AFs shows that researchers have explored various approaches to
optimize AF performance. This diversity reflects the complexity of AF systems and the need for different solutions depending on the
objective functions within certain constraints. The use of machine learning and deep learning algorithms in the evaluation and
optimization of the performance of adaptive facades confirms that these methods are becoming increasingly important. These
techniques can improve the prediction accuracy and optimization efficiency of models, often using large data sets. In addition,
artificial neural networks from machine learning algorithms are frequently used with other optimization algorithms to minimize
the simulation time and estimate the models. The use of hybrid approaches, such as combining Genetic Algorithms with Artificial
Neural Networks (ANN) [170] or Generalized Pattern Search with Particle Swarm Optimization (PSO) [224], highlights that
integrating multiple Al methods can improve optimization results. This hybrid approach leverages the strengths of different al-
gorithms to address the complexity and challenges in the optimization process.

e When the studies selected by the criteria were examined, two main simulation-optimization approaches were adopted: dynamic
simulation modelling methods and static simulation modelling methods [239]. Among the dynamic simulation modelling methods,
EnergyPlus accounts for about half of the studies using an energy simulation engine, and Radiance follows it. When we look at the
frequency of use of optimization tools, Grasshopper software, which uses Python software in the background, is the most commonly
used tool. Although it does not have specific plugins for building optimization, optimization tools such as Python and MATLAB are
preferred in the context of adaptive facades. Grasshopper is a plugin that runs on Rhinoceros (Rhino) modelling software. For this
reason, Rhinoceros (Rhino) has been the most preferred modelling program for modelling, designing and visualizing adaptive
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facades. In addition to the DesignBuilder program, which is especially preferred in building energy modelling, Revit and SketchUp
modelling tools come after the Rhino program in modelling adaptive facades. The use of different tools for evaluating the per-
formance of adaptive facades shows that the optimization process is combined with simulation tools (e.g. IES.VE, EnergyPlus,
TRNSYS, DOE-2, Radiance) and data-driven approaches (e.g. machine learning techniques in Python and MATLAB).

4.2. Gaps in knowledge and future research needs

This paper is based on a systematic literature review methodology. In general, it reveals the gaps in the existing literature, sug-
gestions for future research and the need for further research on the topic. The study of artificial intelligence optimization algorithms,
simulation tools, modelling programs, and tools used to optimize the performance of adaptive facades and typologies is a promising
and multidisciplinary field. Some suggestions for future studies are presented as follows.

e Optimization techniques that can balance conflicting objectives in adaptive facades such as energy efficiency, visual comfort,
thermal comfort and aesthetics and that can define two or more objective functions should be developed and disseminated.
Studies should be carried out to address all aspects of comfort in a space (thermal, visual, lighting and acoustic comfort) together.
¢ In optimizing the performance of adaptive facades, there are uncertainties in studies regarding the criteria according to which
design variables are selected. For this reason, feature selection algorithms for design variables before optimization should be widely
used in studies.

Machine learning algorithms are generally used to predict results and reduce optimization time. In addition to these functions,

using adaptive facades to optimize control strategies in real-time and create innovative facade designs should be further expanded.

In order to obtain more accurate and reliable results from the methods used in optimizing the performance of adaptive facades and

typologies, sensitivity and uncertainty analyses should be preferred more.

e The accuracy and efficiency of models such as ANN, which will reduce the optimization time, and its effect on multiple artificial
intelligence optimization methods should be studied comparatively. Machine learning algorithms, in addition to their stand-alone
use, offer significant advantages in terms of real-time data processing and adaptation to dynamic conditions, especially when
integrated with meta-heuristic optimization algorithms. However, when the existing literature is examined, the number of studies
comparing the performances of more than one machine learning algorithm in the optimization process of adaptive facades is
limited. In this context, increasing the number of studies focusing on the comparative analysis of various machine learning al-
gorithms that can work in integration with optimization algorithms (e.g. Artificial Neural Networks (ANN), Decision Trees (DT),
Random Forest (RF), Gradient Boosting (GB), Linear Regression (LR), Multivariate Adaptive Regression Splines (MARS), K-Nearest
Neighbor (KNN)) will make a significant contribution to the studies on the optimization of adaptive facades. Such studies will
provide the evaluation of the performance of different machine learning algorithms by revealing the strengths and limitations of
different algorithms.

e Studies on life cycle assessment and cost optimization of adaptive facades should be increased.

Previous studies generally used parameters related to facade characteristics and environmental conditions to optimize adaptive

facades’ performance. Including user-centered factors (number of users, user behavior, etc.) in the optimization process will in-

terest future studies and ensure that the results obtained are closer to the actual situation.

Studies examining climate change and near future weather projection of adaptive facades integrated into the building using

different artificial intelligence optimization methods should be expanded.

In the context of adaptive facades, it has been analyzed that there is a limited number of studies on other building types (such as

shopping malls, shops, banks, hotels, residential buildings, museums, and educational and healthcare buildings) compared to office

buildings. This highlights the need for more studies that take into account the diverse needs and usage patterns of different
buildings to evaluate the performance and optimization of adaptive facades in other building types.

More than one artificial intelligence optimization methods should be included in the simulation tools to evaluate the performance

of AFs and allow algorithm-based comparison.

Finally, when proceeding with optimization in practice, design teams should not rely solely on the optimization technique and
should not relegate their knowledge to the background. It should not be forgotten that they are only tools to help the design team in
decision-making. These recommendations and identifying gaps will guide future work and future research. By addressing the research
gaps identified within the scope of the study, future studies can increase the effectiveness of adaptive facade optimization and enable
more sustainable and smarter design of buildings.

4.3. Challenges and limitations

One of the strengths of this article is that there are no related studies in the literature on artificial intelligence optimization
methods, simulation tools, or modelling/visualization programs used for the evaluation and optimization of the performance of
adaptive facades. In this context, frequently used design parameters, optimization techniques and objective functions, movement
typologies, space usage types and location information of the study are listed in tables. A systematic literature review was conducted to
perform these analyses. The systematic literature review was conducted based on the PRISMA statement approach and a compre-
hensive search strategy was applied to maximize the identification of all potentially relevant information. The methodology used in the
SLR was appropriate for examining existing research evidence and achieving the study’s objectives. This method analyzed studies
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using leading bibliographic databases (Scopus, Web of Science and EBSCO). The study’s inclusion and exclusion criteria were coded
and summarized in detail. Although these criteria reduced the possibility of missing relevant studies, there is always the possibility that
some appropriate publications may have been overlooked. In addition, the systematic review only includes publications written in
English and excludes publications written in other potential languages. In addition, the study outlined the inclusion and exclusion
criteria and their justifications in detail. These criteria were related to the aims of the study and were determined without prior
knowledge of the studies selected according to the criteria. Thus, possible biases that may occur regarding the studies were avoided and
the studies were selected correctly. The stages of identification, screening, eligibility and inclusion were used for each study selected
according to the criteria. The data and information obtained from each study were analyzed and summarized appropriately using both
text and tables. Moreover, it can be said that these analyses conducted using SLR contributed to the solution of the problem as it
identified the gaps in the existing literature and provided practical suggestions. Studies on adaptive facades and their typologies have
increased significantly, primarily until 2022. Due to the increasing popularity of the subject, especially in recent years, and the fact that
it is a multidisciplinary field, a rapid increase in the number of publications is expected shortly. Therefore, this paper identifies the gaps
in existing studies and provides recommendations for future studies. These recommendations cover various research areas and
highlight the multidisciplinary nature of optimizing adaptive facades with artificial intelligence algorithms and simulation tools.
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