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Abstract. Sustainability and economic factors are driving architectural
practice towards more efficient designs. The application of optimization
to the design process becomes essential to reduce the environmental
footprint of buildings, as well as to reduce their costs. Building
design requirements tend to be conflicting, involving the optimization
of multiple goals simultaneously, which often translates to different
compromises among the goals. Ideally, to make more informed
and intelligent decisions, the architect should be given a set of
design variations representing a heterogeneous sample of the optimal
compromises one can achieve. In this paper, we discuss different
approaches to find such compromises and we focus on multi-objective
optimization algorithms that produce the required design variants,
applying them in the context of an architectural case study.
Keywords. Multi-Objective Optimization; Pareto Optimization.

1. Introduction
Environmental and economic concerns are forcing the architectural practice to
carefully balance, in building design, the energy, lighting, structural, and cost
factors, among others, seeking for more efficient design solutions, a methodology
named Performance-Based Design (PBD). PBD benefits both from Algorithmic
Design (AD) methodologies, because these offer architects the ability to explore
larger design spaces, and simulations tools, because these allow them to analyze
the different design solutions within that space. Finally, in order to find the best
performing solutions, optimization techniques are required.
The combination of AD, simulation, and optimization yields great potential
for architectural practice. Firstly, it allows for the discovery of more efficient
design variations. Secondly, it enables more informed design processes, as the
architect can visualize and influence the optimization process. Finally, it can
uncover unexpected designs that, despite belonging to the design space, were not
previously considered.
Despite its benefits, optimization is rarely sought due to the associated
limitations, including (1) the difficulties in defining the optimization problem, (2)
the need for high expertise to select and fine-tune the optimization algorithms,
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(3) the complexity of the existing optimization tools, as well as (4) the long
computation time of the optimization process (Attia et al. 2013, Nguyen et
al. 2014, Cichocka et al. 2017). Furthermore, the lack of confidence in the
optimization process and the idea that it is a completely automated process often
leads to the perception of optimization as a restrictive process that hinders the
architect’s creativity and expressiveness.
Optimization has been the focus of different research studies in the context
of building design (Kämpf et al. 2010, Nguyen et al. 2014, Wortman and
Nannicini 2016). Particularly, the focus on Multi-Objective Optimization (MOO)
has increased, reflecting the fact that building design involves multiple conflicting
goals, e.g., maximum lighting and thermal comfort, and minimum energy
consumption. Depending on the knowledge and level of expertise of the designers,
MOO problems might be approached differently: (1) by sampling different design
solutions, (2) by combining multiple objectives in a single objective function,
which requires the a priori definition of preferences for each objective; and (3)
by finding the Pareto front, i.e., the set of solutions where for each solution it is
impossible to improve an objective value without deteriorating others.
For each MOO approach, there are numerous optimization algorithms. Given
their distinctive nature, each approach leads to design optimization processes
that are substantially different, especially in terms of the required and provided
information.
Recent works have studied the application of single-objective optimization
techniques to architecture, not only to emphasize their utility but also to provide
information about the possibilities and best practices (Wortmann and Nannicini
2016, Wortmann et al. 2017, Ilunga and Leitão 2018, Belém and Leitão 2018).
Conversely, there is a lack of comparable studies concerning MOO. Therefore, this
paper aims to complement the literature by (1) providing an overview of existing
MOO approaches, their advantages, and disadvantages, and by (2) implementing
and evaluating different MOO algorithms in a real case study.
After analyzing the differences, advantages, and disadvantages of each MOO
approach, we introduce the applied methodology, describe the case study, and
discuss the obtained results. We end by drawing some general conclusions and
outlining possible lines for future research.
2. Multi-Objective Optimization Approaches
Due to the multiplicity of potentially conflicting goals involved in MOO problems,
the concept of optimality significantly differs from the one commonly used in
single-objective problems. In MOO, the best possible configuration for one
objective is rarely the best configuration for all the other objectives as well, since
these objectives are often contradictory. A possible way to define a solution’s
optimality is through the Pareto optimality concept: a solution is considered
to be Pareto-optimal if, given its objectives, it is impossible to improve an
objective value without deteriorating the others. Pareto-optimal solutions are
said to dominate solutions from which it is possible to improve. For that reason,
we say that the former ones are non-dominated, whilst the latter are dominated.
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In the context of MOO, one is commonly interested in retrieving the set of
non-dominated solutions, which is known as the Pareto Front (or Pareto Frontier).
The following sections provide a more detailed description of the three main MOO
approaches.
2.1. DESIGN OF EXPERIMENTS

This approach is widely used in research and in practice to address both single and
multi-objective problems (Fang 2017). Besides being intuitive and flexible, it can
find potentially better solutions without having to deal with complex optimization
algorithms. The approach is based on evaluating designs generated with different
combinations of design parameters. These combinations can be obtained through
sampling methods, such as Full-factorial, Monte Carlo Sampling, and Latin
Hypercube Sampling (Giunta et al. 2003), which generate different combinations
of design parameters to be evaluated. This approach returns multiple design
solutions instead of just one, leaving the final choice in the hands of the architect.
Unfortunately, this approach does not guarantee that good solutions will be
found. In fact, in most cases, new solutions are generated without taking advantage
of the information obtained from previously evaluated designs. Consequently, the
old information is not used to guide the search towards the most efficient designs
and useless candidate designs can sometimes be evaluated.
On the other hand, given its simplicity and flexibility, this approach allows
architects to easily combine different processes in order to direct the search
towards better design solutions. For example, the architect can choose a sampling
method to generate different design variations, which are then evaluated. After
analyzing the results of the evaluations, the architect may wish to explore regions
of the design space near the most promising design solutions. In that case, he might
constrain the design variations to lie within the promising regions, by updating the
problem’s definition. The redefined problem is then subsequently sampled and
redefined until the architect is satisfied with the quality of the obtained solutions.
Despite the constant need for manual intervention, the previous technique
can be adapted to automatically extract information about the design problem
itself, for example, to study the impact of design parameters in the performance.
This process, known as sensitivity analysis (Saltelli et al. 2007), has already
been applied in the context of building design optimization (Tian 2013), not
only to achieve better solutions but also to enhance the performance of existing
optimization algorithms, e.g., by dropping irrelevant parameters.
Overall, while it does not provide guarantees on the solutions’ optimality, this
approach is simple, easy to use, and it is available in numerous tools. Moreover,
although this process is not intelligent per si, because the decisions are always
made by the architect, it enables a more intelligent and informed design process,
as it presents all the design variations generated and their associated performance.
2.2. A PRIORI ARTICULATION OF PREFERENCES

This approach allows combining multiple objectives according to one’s
preferences, using what is called a utility function (Marler and Arora 2004),
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i.e., a function which ranks alternatives according to their utility to the global
performance. Among all the possible utility functions, the most commonly
used is the weighted sum or linear scalarization (Wortmann 2017). This
function reduces multi-objective problems to single-objective ones by defining
the objective function as the weighted sum of multiple objectives. The weights
represent the relative importance of each objective to the architect and must be
defined before the optimization. The final objective function is then provided to
a single-objective optimization algorithm, which tries to find an optimal (or near
optimal) solution. Virtues of this approach, in architecture, include the ease of use,
the availability, the heterogeneity of ready-to-use single-objective optimization
tools (e.g., Opossum, Goat, Galapagos, and Silvereye), and the time required.
Overall, this approach enables a more intelligent design process because the
algorithm uses knowledge about previously evaluated solutions to guide the search
towards optimal regions of the design space. However, since the algorithms used
are usually autonomous, architects are often removed from the optimization loop,
thus losing control over the design optimization process. Moreover, most of these
algorithms retrieve a single optimum and provide no other design options. This is a
major drawback in the context of architectural design (Cichocka et al. 2017), as the
architect either complies to the retrieved solution or he must rerun the optimization
with another articulation of preferences to obtain a different solution. Either way,
this optimization approach does not provide the architect with enough information
to make informed decisions.
2.3. PARETO-BASED OPTIMIZATION

A more informative approach consists in the retrieval of a diverse and potentially
heterogeneous set of Pareto-optimal solutions. When confronted with this set
of optimal solutions, architects can compare different design options according
to different performance aspects and make informed decisions about the
compromises taken.
On the other hand, in this approach, (1) the number of function evaluations is
larger due to the need to find a set of optimal solutions instead of focusing on a
single one, (2) the visual representation of the solutions’ objective space becomes
problematic when the number of objectives is greater than three, and (3) the way
the optimization problem is modeled has a direct impact on the quality of the
solutions.
Notwithstanding the considerations above, a few studies concerning
Pareto-based optimization emerged in the past years, evidencing its utility (Evins
2013, Hamdy et al. 2016). Moreover, recent works show that even though
approaches based on the a priori definition of preferences are less time-consuming,
they are not as desirable as Pareto-based approaches, as they return a single
solution instead of multiple alternative solutions (Attia et al 2013, Hamdy et al.
2016, Cichocka et al. 2017). As a result, approaches based on the a priori
definition of preferences do not aid in the decision-making process, nor do they
provide a clear trade-off between the different objectives involved.
Despite the growing trend of Pareto-based approaches (Evins 2013, Hamdy et
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al. 2016), the lack of relevant benchmarks comparing the performance of different
MOO algorithms in architecture is evident. This paper aims to reduce that gap by
presenting a comprehensive comparison among the performance of several MOO
algorithms applied to a bi-objective problem in the architectural context.
3. Methodology
Given the interest of architects in performing structural analysis (Cichocka et
al. 2017), we selected a case study that optimizes two different goals of an
arc-shaped space frame: (1) its structural behavior, and (2) an ad-hoc measure
of its irregularity. To introduce irregularities, we used three attractor points, each
one influencing the shape of the space frame around its vicinity, whose location
is varied in the course of the optimization. Figure 1 shows some of the studied
variations, along with the attractor points used for each one.

Figure 1. Three design variations of the arc-shaped space frame, with copper balls representing
the attractors.

The relevance of MOO for building design and the lack of Pareto-based
optimization studies in architecture led us to focus on MOO algorithms of two main
classes: the particle swarm and the evolutionary algorithms, which are known
to be effective when provided with enough time (Hasançabi et al. 2009). A
notable characteristic of these algorithms is that, in each iteration, they consider
multiple candidate solutions at a time. The considered algorithms were chosen
by taking into account both their relevance in other engineering fields, as well
as, their diversity in terms of used mechanisms and heuristics to compare and
select solutions throughout the search. Altogether, we considered six evolutionary
algorithms: ε-MOEA (Deb et al. 2003), MOEA/D (Zhang and Li 2007), NSGA-II
(Deb et al. 2002), PAES (Knowles and David 1999), PESA2 (Corne et al. 2001),
and SPEA2 (Zitzler et al 2001), and two particle swarm algorithms: OMOPSO
(Sierra and Coello 2005) and SMPSO (Nebro et al. 2009).
Regarding the evaluation methodology, our design problem involved six
parameters (the fixed-radius cylindrical coordinates of the three attractors), and
two objectives to minimize (the maximum displacement and the sum of the
Euclidean distances between attractors). The goal was to find a trade-off
between the elegance caused by the attractors and the structural efficiency of the
resulting space frame. Considering both the dimensions of the problem and the
time available to optimize the design, we performed three evaluation runs for
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each algorithm, each involving fifteen iterations and a total of fifteen candidate
solutions per iteration. Overall, each of the eight algorithms generated and
evaluated 675 design variants, yielding a total of 5400 designs.
In architectural design, the performance of single-objective optimization
algorithms is measured in terms of the number of necessary evaluations to obtain
good solutions and the optimal solutions’ values. However, when shifting to
a multi-objective context, there is a lack of consensus regarding the criteria
for evaluating the algorithm’s results. Literature review evidences the existing
struggle to define a single metric to accurately represent the quality of the results
of MOO algorithms, or in other words, the quality of the approximated Pareto
Fronts (Knowles et Corne 2002, Riquelme et al. 2015). Nevertheless, there are
three properties that should be considered when evaluating the quality of the results
(Zitzler et al. 2000, Riquelme et al. 2015): (1) cardinality, meaning larger sets of
solutions, (2) diversity, meaning that solutions should be as uniformly distributed
along the true Pareto Front as possible, so as to obtain a representative set of
design variants covering to larger extents the different trade-offs, and (3) accuracy,
meaning that solutions should be as close as possible to the true Pareto Front.
To assess the quality of each algorithm’s results, we selected a few of the
most commonly used MOO metrics, including, among others, Spacing, i.e., the
uniformity of the distribution of solutions, and Spread, i.e., the average distance
between consecutive non-dominated solutions. Riquelme et al. (2015) provide a
more extensive discussion about these and other MOO metrics. In the following
section, we present and discuss the results of our evaluation.
4. Results
Figure 2 illustrates the overall 2D dispersion plot for all the solutions explored
during the optimization runs. For this bi-objective minimization problem, the
minimum and maximum values for the irregularity measure were 0.577 and 1.802,
respectively, whereas for the structural objective, we obtained 0 and 88.896 as
minimum and maximum values. To compute the combined Pareto Front, we
evaluated all the 5400 explored solutions and determined the non-dominated
solutions. Due to the lack of information about the true Pareto Front, we
considered the combined Pareto Front, as the best Pareto front one could have
achieved.
Overall, the combined Pareto Front is composed of 33 non-dominated
solutions. However, a careful analysis of Figure 2 shows that the combined
Pareto Front can be clustered in about thirteen to fifteen representative solutions.
Considering the overall quality of the solutions explored by each algorithm, all but
ε-MOEA, MOEA/D and PESA2, have discovered at least one solution lying in the
combined Pareto Front.
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Figure 2. Space frame’s solution space resulting from 5400 evaluations, with the set of
non-dominated solutions forming the combined Pareto Front (black points).

We have said previously that despite the absence of standardized performance
metrics, in order to evaluate MOO algorithms, one should generally consider the
cardinality, diversity, and accuracy of the results.
In terms of the cardinality of the obtained Pareto Fronts, the algorithms
ε-MOEA and PAES stood out, retrieving, on average, 38 and 30 non-dominated
solutions per run, respectively. Contrastingly, OMOPSO returned the lowest
number of non-dominated solutions, with an average of 15, whereas NSGA-II,
SMPSO, and SPEA2 returned 23.
To analyze diversity we must consider the distribution of the solutions. The
high density of points suggests a region in the solution space which has been
explored at some point by every algorithm. We observe that the algorithms
ε-MOEA, MOEA/D, PAES, PESA2, SPEA2 have not deviated much from this
region. Despite the eventual convergence to the high-density region, NSGA-II,
OMOPSO, and SMPSO have also managed to find other solutions having lower
values of maximum displacement, i.e., higher structural performance, but more
irregularity.
At the same time, there seems to be a distribution gap in between the
high-density region and the approximated Pareto Fronts yielded by the NSGA-II,
OMOPSO and SMPSO algorithms, which has been less explored. This can be
the result of insufficient iterations, insufficient population size, or even intrinsic
behaviors and heuristics used in evolutionary algorithms. Nevertheless, more
simulations with other algorithms are currently being conducted to confirm the
reasons for such a gap.
Regarding the diversity and distribution of the non-dominated solutions,
ε-MOEA and PAES exhibit, on average, the lowest variance of Spacing, i.e., the
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distances between the nearest points, with 0.229 and 0.777, respectively. Note,
however, that the Spacing indicator measures the uniformity of the distribution
of solutions and not necessarily their quality. In fact, if we consider the
Spread indicator instead, which considers the distances between consecutive
non-dominated solutions, we verify that the value for PAES is too small, which
means its solutions are not well distributed in the solution space. On the other hand,
OMOPSO and SMPSO have better distribution in the solution space, presenting
values of 1.829 and 1.171, respectively. Regarding the extent of the solutions
space, SMPSO, OMOPSO, NSGA-II were the most exploratory algorithms.
In terms of accuracy, we evaluated the results using the Inverse Generational
Distance (IGD) metric to measure the distance of the set of solutions found to the
combined Pareto Front (Riquelme et al. 2015). Regarding this metric, the best
performing algorithms were SMPSO and OMOPSO, whilst PAES was the worst.
5. Conclusion
Recent concerns about resource scarcity and environmental impacts have fostered
the application of performance-based techniques into the architectural practice
with the aim of reducing the impact of the building industry. This paper
emphasizes the multi-objective nature of most building designs, and discusses
the advantages and disadvantages of each MOO approach in the context of
architectural design processes, particularly, regarding the degree of user control
across the overall process of design optimization.
To overcome the lack of comparative studies on Pareto-based approaches to
MOO, we evaluated a set of MOO algorithms in the context of the optimization
of an arc-shaped space frame. We conclude that there is no consensus regarding
the best way to assess the quality of these algorithms. Indeed, we argue that a
combination of MOO performance metrics and Pareto Front plots should be used
in order to draw more accurate results. Regarding the metrics themselves, we
believe it is better to apply different metrics simultaneously, e.g., some should
measure the distribution of the non-dominated solutions across the solution space,
while others should measure the overall accuracy and convergence of the results.
For the presented case study, the particle swarm algorithms, OMOPSO and
SMPSO, exhibited the best performance. Conversely, SPEA2, currently known
as one of the best evolutionary algorithms, yielded results that measurably deviate
from the combined Pareto Front, hence exhibiting rather poor performance.
Further tests are currently being made in order to understand this behavior.
In our future research, we plan to consider the application of these algorithms
to designs with increasing complexity, as well as, higher number of variables.
Moreover, other performance aspects (e.g., lighting, thermal, cost) and measures
will be considered. The number of objectives will also be varied to compare
the adaptability of each algorithm to higher-dimensional problems. In problems
with a larger number of objectives, however, it becomes difficult to visualize the
trade-offs between objectives. Thus, we plan to study visualization mechanisms
tailored for higher-dimensional problems. An additional research question is
raised by the increased number of evaluations required by these problems. We
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plan to address this issue by combining surrogate models with multi-objective
evolutionary algorithms (Diaz-Manriquez et al. 2016).
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