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Abstract

The world is rapidly urbanizing, with an increasing num-
ber of new building constructions. This involves increasing
the world’s energy consumption and its associated green-
house gas emissions. Computational tools are playing an
increasing impact on the architectural design process. Re-
cently, Machine learning (ML) has been applied to building
design and has evinced its potential to improve building per-
formance. This paper tries to review the use of ML for the
building morphosis. We then forecast the use of machine
learning for building optimized morphosis in the early de-
sign stage particularly for ensuring summer shading and
winter solar access between neighbors.

Keywords: Machine learning, building morphosis, solar ac-
cess, shading.
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1 Introduction

Currently, developing countries are faced to rapid urbaniza-
tion. The urban population of these countries is projected
to double in 2030 and the built-up area to triple [24]. This
involves the construction of large volumes of new buildings
which not only wastes land, increases energy consumption,
but also increases greenhouse gas emissions. To deal with
sustainable development challenges, it is important to act
on early design decisions, particularly by designing a suit-
able building morphology. Designing built forms in urban
areas is important because the neighborhood building blocks
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are interdependent. Particularly, energy demands over the
whole year can be influenced by summer shading effects and
winter solar access availability [29-32]. This complex issue
still does not have a satisfying solution. Its resolution would
be a lever to meet climate and environmental challenges in
architectural design.

Tools and methods of computational design used by archi-
tects are constantly evolving with the ability to solve com-
plex problems and to account for a high number of variables.
From now on they become crucial elements for accompa-
nying the design process, especially with the necessity to
cope with environmental challenges. Architecture has al-
ways followed computational advances which became fully
embedded in the design practice. Recently, Machine Learning
(ML), a branch of artificial intelligence, has emerged and it
is considered for many authors as an under-way revolution.
Many fields are already affected by this new way of solving
complex problems, finance, medicine, physics, and computer
vision among others. [4] argues that giving on the recent
breakthroughs of ML in other areas, it is expectable to see
architecture fully adopting it.

Machine learning begins to be applied in the architectural
field and has evinced its potential to improve building perfor-
mance. This paper does not aim to exhaustively tackle every
single research. It emphasizes researches related to building
morphosis at the early design stage. We try to review how
machine learning has been used for this purpose with a focus
on used ML models and data generation methods. We then
forecast the use of machine learning for optimized building
morphosis’ in order to ensure summer shading and winter
solar access between neighbors.

Study findings can inform the future design with machine
learning application to improve building performance in
the interest of the occupant’s well-being and environment
preservation. It can also inspire young researchers in the field
of architecture and urbanism to explore multidisciplinary ap-
proaches that integrate building science, computing science,
and data science.

!The term morphosis is developed by Ben Saci [5] from the Greek word
«morphosis» meaning «action to give form to»
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2 Machine learning for architectural
design

Machine learning applications occur throughout the build-
ing design stages improving the design and extending the
scope of the design process [37]. The increasing number of
research papers using this technique attests that it might
have a broad impact on architectural practices. Some authors
[4, 8, 10] have already illustrated ML applications in archi-
tectural practice. [4] argues that by coupling ML techniques
to the optimization process, it is possible to learn which de-
sign parameter yields the better efficiency. ML could help
in reducing the running time and the number of variables
[4] in architectural design process.We propose to summarize
these applications in three different aspects; visualization,
simulation and morphosis.

ML has the potential to enhance building visualization
and documentation. Current literature used ML techniques
to enhance the production of images and 3D models repre-
sentation and labeling [1, 19]. In the field of building design,
ML is used for plan generation by converting the rasterized
floor plan image onto vector graphics representation [20].
We can mention other applications of ML with the ability to
produce 3D building representation [40]which can be used
for “style transfer” as a primary material for mapping and
reproducing a style [41].

The use of ML for simulation gave rise to performance-
based design. ML can predict out of precedent simulation
results, how the new building would behave. ML has been
introduced in building engineering to accelerate complex
simulation and predict energy consumption [21, 22, 25], so-
lar radiation [39], daylight availability [3], thermal comfort
[6, 15, 27] or to predict urban heat island phenomena [16].
ML has been used also for the simulation and prediction of
other mechanical aspects like material behavior [33]. Pre-
dictive models built on machine learning algorithms have
shown their effectiveness to the building design community
due to their ability to handle complex problems acting like
proxies to heavy and time-consuming simulations [3].[25]
found that ML based energy consumption forecasting can
yield better prediction results when compared with simula-
tion software prediction results. [27] presented a review of
ML used to predict thermal comfort. He argues the evidence,
arising from several studies and experiments, the potential
and benefits of ML algorithms for forecasting occupant ther-
mal comfort compared with traditional methods. The ML
based methodology presented in the paper [15] demonstrated
that the urban heat island intensity can be predicted quite
accurately even when using a limited set of data.

In this paper, we focus on the use of ML for building
morphosis which is the creation of building shape design
according to different qualitative or quantitative criteria de-
fined beforehand by the designer. The traditional process
of architecture design is driven by the designer concepts
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with the aim to generate suitable building shape. Recent
work [35] discusses the application of ML for generating
architectural design by the emulation of the human mental
reasoning process. This ML based method is used for the
building morphosis and is based on qualitative design cri-
teria and personal designer preferences [9, 34, 42], specific
architectural styles [26], or functional performance crite-
ria [2]. [34] used ML for the formation of criteria based on
the patterns learned from the user’s design choices meet-
ing their personal aesthetic, abstract, or qualitative criteria.
The selected design solutions are encoded and recorded as a
training set for the learning process. The ML based method
provided more design possibilities than a human designer
and identified additional high performing regions of the so-
lution space based on the user’s inexplicit qualitative criteria.
[26]explored the ML to generate 3D building massing mod-
els relating to a specific urban and stylistic context along
with architectural plans and facade designs from a particu-
lar stylistic movement in the history of architecture. This
research demonstrated that ML could serve as an analytical
tool capable of revealing hidden patterns and principals of
an architectural style which could be used to produce new
specific designs. [2] presented a building function-driven ap-
proach to generate new designs. The researcher used ML to
evaluate existing designs encoded as graphs and subgraphs
and to merge them into a new functional composition.

Machine learning is also used to analyze a reference build-
ing design and explore different alternative scenarios, with
the aim of identifying the optimal solution. There are re-
searchers that focused on the minimization of construction
cost, duration, and Greenhouse gas emissions assessment
[11] whereas some emphasized on energy or environmental
building performance [7, 12].[11] presented an ML based
model to accelerate simulation and multi-objective optimiza-
tion process by nearly real-time providing fitness evaluation.
This method had significantly reduced computing time. [7]
used ML as a method for generating all possible urban geo-
metric shapes in order to identify relationships between
design parameters and urban performance measures. [12]
proposed to use ML to quantify and to learn from the rela-
tionships between environmental uncertainties associated
with early design decisions. Thus, across this review, we
noticed that no ML application was found for optimized
building morphosis ensuring summer shading and winter
solar access taking into account the complex morphological
relationships between neighbors. Although the impacts of
built forms on energy performance have been considered in
earlier researches, the interactive and complex relationships
among neighboring [38] have not been studied with artificial
intelligence approaches.

In the next sub-sections, we will present the ML models
and the data sourcing methods and discuss their application
in early design stage. We finally noted that the potential to
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enhance the building performance by climatic morphosis
has not been explored yet by artificial intelligence.

2.1 Machine learning models

Regarding the mathematical models used in ML, the most
common ones are artificial neural networks (ANNs) [11, 12,
34, 37, 42]. ANNS is an artificial intelligence approach in-
spired by the biological neural networks. It enables training
a dataset in the form of input parameters and corresponding
output values, during the learning process [23]. Then, the
complicated algorithm design is replaced by learning based
on a provided dataset [8]. Nevertheless, ANNs is criticized
for its opacity since the correlation of inputs and outcomes
is unclear [4].

Deep neural networks (DNNs) are considered as a tech-
nique that revolutionized classification and image recogni-
tion tasks and even surpassed human vision [26]. [2]presented
an application of DNN to extracts designs into essential build-
ing blocks based on functional performance criteria. Then
generative adversarial networks (GANSs) are used to recom-
bine them into new designs. GANs are typically used to
generate 2D and 3D designs. [26] used GANs technologies
to generate designs based on specific architectural styles.
The GANSs based method is used to produce unforeseen de-
signs that may have not arisen to human architects. However,
GANSs may require significant computational resources and
time while it can be an affordable technique for architects
without any coding experience [26].

Machine learning techniques can be useful to improve
optimization process[11]. Clustering techniques such as K-
means are used for creating a group set of solutions that
would be submitted to the costly ML evaluation and opti-
mization process [17].

2.2 Data sourcing methods

For the application of machine learning, designers must use
large datasets which may not be easy to find as the applica-
tion of ML is still in its beginning in the architectural field. To
deal with this problem, designers can collect data from: pub-
licly available datasets [28, 36], genetic algorithms [34, 37],
parametric design tools [7, 12, 37] or building information
models [2]. Moreover, the IoT wireless technologies offer
a collecting method of the data-related occupant [27] and
buildings.

Genetic algorithms are the most widespread type of multi-
objective optimization methods. Therefore, they are also
becoming a common data generation method in the field of
architectural design. They are being explored as a means of
developing and altering the “state space” of a design [14].

A combination between ML and parametric generative
design enables shape differentiation and search. Parametric
design could serve to create design scenarios with building
performance simulations. Therefore, designers could use ML
to assess large datasets.[7] used reinforcement learning for
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generating design alternatives and parametric modeling for
generating a data set provided from performance simulation.

3 Discussion

Despite the growth of machine learning usage, it is still
limited in the field of architecture for building morphosis.
The architectural practices rely on computer-aided design
and building information models. In this paper, we present
several alternatives for the use of ML in building design,
especially in the building visualization, simulation and mor-
phosis. Across this review, we argue that the ML technique
could be an interesting technique for early design explo-
ration and advanced decision making in design optimization,
particularly for the building morphosis.

ML could enlarge the solution space with the opportunities
to discover new, unexpected spatial forms and combinations
[8]. ML enables also higher efficiency in complex shape de-
sign and can respond to a vast number of parameters and
relationships influencing design. This is done with relatively
simple algorithms easily understandable by architects.[8] at-
tests that ML adoption results in more intuitive design tools.
We think that the ML technique should be introduced in the
field of architectural design and its teaching. We argue that
architects should adopt it, master it, and take full advantage
of it. Similarly, they shifted in the past from manual drawing
to Computer-Aided Design and more recently to parametric
design. Now, the future step is data-driven design and arti-
ficial intelligence. Regarding this perspective,[18] presents
an education framework for teaching ML and facilitating its
deployment to architects.

Unfortunately, ML techniques may have some limitations.
To run any data-driven ML technique, the designer must
provide a large amount of data. A small data set may cause
a limitation in the ability to validate predictive capabilities
[4]. Recently, open data and Building Information Models
(BIM) could help to reduce the data deficit. On the other hand,
fully accepting machine learning poses an issue for designers
as they fear being replaced during the architectural design
process. They might be given the position of a second layer
on calculated and generated models. ML currently looks like
a ‘black box’ of the classic design process designated by
creativity, inspiration, etc. in the architects’ discourse. From
this point of view, ML should not disturb much the architects’
culture unless it aims to replace a human approach with a
more efficient artificial approach.[8] defends the idea that
ML should be considered as a collaborator of the human
architect rather than its substitute. The idea of the artificial
architect is not recent, Friedman already tackled it in the 60s
with the understanding of that time [13].

This review provides a basis for the ML exploitation in the
climatic optimized building morphosis ensuring shading and
solar access. Typically, building optimization is addressed by
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deterministic and stochastic methods. It would be interest-
ing to project an optimization method by learning. We must
identify which suitable data generation method to adopt and
which ML models that support building optimized morpho-
sis.

We notice that parametric tools are widely used by de-
signers for the dataset generation. They are affordable by
architects as they allow them to compose algorithms with
visual scripting techniques. We hypothesize that parametric
tools could offer a technique for morphotic data sourcing
with possibilities to generate solutions and to perform sim-
ulations based on physical parameters of the environment
such as solar radiation. ML could learn morphological param-
eters from designs imposed by the complexity of interaction
between neighbors. Then a generative adversarial network
(GANSs) could be used to recombine them into new designs.

Finally, future research should compare the presented ML
models and experiment the proposed design scenario for
optimized building morphosis.

4 Conclusion

Designers must consider the effect of their shape design on
shading and solar access not only for their building but for
surrounding ones as well. Machine learning offers a design
method paradigm that could better understand the build-
ing geometric properties and complex relationships among
neighboring. It could be an interesting tool for optimized
building morphosis ensuring summer shading and winter
solar access which will greatly help to reduce building’s car-
bon footprint and thus, to minimize the impact of our design
on the environment.
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