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Abstract
Nowadays, there is a widespread awareness towards environmental issues and
the high impact that human activities can have on the planet. Hence, the building
sector, which has one of the largest environmental footprints, must adapt itself to
become more sustainable, developing buildings that provide good indoor environmental quality by relying more on passive systems than on active ones. This interest
in a more environmentally-friendly architecture is already visible in the field by the
increase in the number of tools that evaluate different performance criteria. However, the application of these tools is usually restricted to the final design stages,
conditioning the implementation of design changes. Performance-Based Design
(PBD) is an approach that addresses this limitation. Through PBD, architects integrate analysis tools since early design stages in order to make informed decisions
regarding the performance of their designs.
However, the success of PBD approaches highly depends on the number of design evaluations that can be performed. In this context, Parametric Models (PMs)
play an important role in the success of PBD approaches. When creating a PM,
architects define the relations between the different elements and, then, assign parameters to it, thus allowing the generation of different design variations by simply
changing the values of the parameters.
In this dissertation, we focus on daylight performance and explore the combination of PMs and analysis tools with optimization processes. Based on this,
we propose a PBD methodology that we believe to be effective in helping architects make more informed design decisions regarding different performance aspects from early design stages.
Keywords: Environmental Design; Algorithmic Design and Analysis; Multi-Objective
Optimization; Daylight Optimization
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INTRODUCTION

there are more and more analysis tools available
for architects to use, each one requires a specific analytical model, that is, a simplification of
the building’s model containing only the relevant information required by the analysis tool.
Unfortunately, the process of transferring from
a CAD or BIM model to an analytical one is not
a trivial task and, more often than not, portability between tools cannot be achieved, requiring the architect to rebuild the model in the format required by the analysis tool (Castelo Branco
and Leitão, 2017). Moreover, even in the cases
where portability can be achieved, usually there
are information losses or the analysis tool cannot
deal with complex geometries (Moon et al., 2011).
One possible solution to deal with these setbacks is to integrate modeling tools with analysis
tools. Furthermore, the analytical model should
be generated without requiring additional work
from the architect (Aguiar et al., 2017).

Nowadays, more than ever, there is an increasing
awareness regarding the impact of human activities on the planet. Consequently, the interest in
sustainability is also raising. In the architectural
field, this interest is visible in the paradigm shift
towards a more environmentally-friendly design
process based on building performance (Kolarevic and Malkawi, 2005). To support this paradigm
shift, new and more accurate tools have been developed to help architects evaluate different performance aspects and make more informed decisions regarding their designs (Oxman and Oxman, 2014).
Nevertheless, architects usually do not take
advantage of the full potential of these tools,
only using them at final design stages, where
the building shape is already defined, and design
changes are more difficult and tedious to do (Anderson, 2014). This results in either small changes
made to the design which have a low impact in
the overall design’s performance, thus resulting
in a building that will, most likely, rely more on
electric devices post-construction, or larger ones
that are more difficult and time-consuming to do
and may alter the architect’s design intent.
Performance-Based Design (PBD) is an approach that addresses this problem by encouraging architects to use analysis tools as a guiding
design principle from an early design stage. As a
result, decisions regarding building performance
are more informed, ensuring that the final building is an improved version of the architect’s initial
design intent.
On the other hand, Algorithmic Design (AD),
another recent design approach, allows architects to create Parametric Models (PMs) by defining relations between the different elements of
their models and assigning parameters to it. This
facilitates the generation of different design variations, by simply changing the values of the parameters given to the PM. Moreover, as the success of PBD highly depends on the number of
design evaluations performed, the use of PMs is
quite relevant in this context, since it allows for
the easy generation of a wide range of design
variations to be then evaluated in terms of their
performance.
Additionally, despite the fact that nowadays
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ALGORITHMIC DESIGN AND ANALYSIS

Algorithmic Design and Analysis (ADA) (Aguiar
et al., 2017) is an approach that takes advantage
of the AD paradigm and combines it with the automated generation of analytical models. In fact,
when a change is made in the algorithmic description of the design, the corresponding analytical models are updated concurrently.
Since this approach supports the automatic
generation of analytical models in the format required by the respective analysis tool, it minimizes the information losses that typically occur
during the conversion of models between tools.
In addition, these analytical models only contain
the necessary elements and details required by
the simulation tool. For example, for a lighting
analysis using RADIANCE, a wall in the generic
model would be represented simply as a set of
surfaces.
Moreover, the ADA approach also simplifies
and speeds up the communication process between the architect and the simulation tool, thus
encouraging architects to understand the impacts of their design choices and to implement
performance-oriented changes early in the design process.
Finally, it allows the architect to define the
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analysis features directly in the algorithmic description, for example, specifying the placement
of the light sensors in a lighting simulation,
facilitating the automation of multiple analysis
(Aguiar et al., 2017). Having this process automated, i.e., automatically generating and analyzing different design variations, unlocks the possibility to also implement automated optimization
processes. In fact, there is a wide range of optimization algorithms that can be integrated with
the ADA approach (Belém and Leitão, 2018).

unrealistic and very time-consuming approach,
as the complexity increases exponentially alongside an increased number of variables.
Moreover, due to the fact that SA allows for
establishing correlations between the different
parameters and the corresponding design performance, it allows for architects to determine
one optimal solution for a certain design problem, when they intend to optimize their designs
based only on one performance criterion.

3.2
3

METHODOLOGY

Through SA the architect is able solve singleobjective optimization problems.
However,
when handling architectural problems, we usually do not have just one single objective to be
contented. In fact, we typically have multiple objectives that need to be achieved simultaneously
(Khazaii, 2016). In this section, we propose a PBD
approach, that combines the ADA approach with
an optimization algorithm, to perform a multiobjective optimization. The methodology proposed is represented in figure 1.

The main goal of this dissertation is to explore
the benefits of designing with AD tools and
PMs associated with analysis tools to further explore performance-oriented optimization processes. In order to be realistic, we focus our research in the daylight optimization of a real case
study, the Black Pavilion at Pimenta Palace in Lisbon. We present two design optimization approaches. One is known as Sensitivity Analysis
(SA) and the other one is a methodology we propose, where we take advantage of optimization
algorithms to perform an optimization process
regarding multiple performance criteria. Moreover, both these optimization process take advantage of the ADA approach.

3.1

PROPOSED METHODOLOGY

SENSITIVITY ANALYSIS

Sensitivity Analysis is a process through which
the architect, based on the results of multiple
simulations, can measure the influence each parameter has in the overall building performance,
therefore being able to identify trends and discover unexpected outcomes. By understanding
the relations between the parameters and the
simulation results, one can make an informed
and validated decision regarding all promising
design variations and, consequently, identifying the ideal design space for a possible multiobjective optimization process.

Figure 1: Proposed workflow.

As mentioned in the previous section, SA
provides architects with information about the
impact each parameter has in their designs’
performance.
Moreover, when the interdependencies between parameters are previously evaluated, the architect can confidently determine a good design space to use in a multiobjective optimization that will help the optimization algorithm on the search for the best solutions in lesser time.
With this in mind, after creating the PM, the
user defines the design space he is comfortable
with, and determines his goals for the optimization, thus, defining the objectives. After the PM is

Despite SA not being a standard procedure
in architectural optimization, it can be an extremely valuable resource that helps designers
understanding how and how much the parameters affect the objective function (Castillo et al.,
2008). However, SA can promptly become an
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done and the objectives defined, the user needs
to choose an optimization algorithm. In general a multi-objective optimization algorithm will
initially chose random solutions from the design
space to be evaluated. Then, based on the collected information about the problem, it tries to
improve the results at each design iteration. This
process will continue, until a stopping criterion is
satisfied.
Once the stopping criterion is achieved, the
solutions produced by the optimization process
can be visualized in either a spreadsheet or a
graph, depending on the user preferences. Finally, from the the set of optimal solutions, the
user chooses the solution that best suits his
goals. The final decision, in a multi-objective optimization problem, is always the architect’s responsibility.
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main problem when modeling this kind of materials in RADIANCE (Ward, 1994) (the analysis
tool we chose to evaluate the design’s lighting
performance) is that the building industry does
not have standardized metrics for them. To overcome this problem, we used the optic properties
provided by manufacturers to create a material
based only on the total transmission (diffuse and
specular) (Jacobs, 2014), assuming that the material is a perfect Lambertian diffuser, i.e., the specular transmittance is 0.

5

EVALUATION

Our goal for the optimization is to find what are
the skylight characteristics - size and translucent
material - that best suit this space, having in mind
the daylight performance of the space, in order
to reduce the need for artificial lighting in an exhibition space. Over the next sections, we evaluate the optimization strategies presented in section 3.

CASE STUDY

The case study chosen to evaluate the proposed
methodology is the Black Pavilion at Pimenta
Palace Museum, in Lisbon, which was being developed by an architectural office, the Atelier dos
Remédios. The space of the Black Pavilion where
we will focus our research is destined to receive
temporary exhibitions. This space has a rectangular shape, and its only daylight source is a
glazed curtain wall, located in half of the south
façade and in the whole east façade. As a way
to balance the light that enters the space the architects plan to add a rectangular skylight in the
opposite side of the curtain wall.
In order to apply the proposed methodology
we first need to have a PM and since the architects only provided us with a 3D model of the
building, created in Revit, our first step was to
create one in an AD tool. Although all the elements of the building were designed in an algorithmic and parametric way, at the end, the
skylight was the only parametric element considered, since it is the one whose size affects affects
the building daylight performance. Considering
that the intended building’s use is for art exhibitions, we wanted the space to have diffused
sunlight, because it is softer than direct light and
does not cast harsh shadows. To that end we
decided to use a translucent material both for
the curtain walls and the skylight. However, the

5.1

DAYLIGHT OPTIMIZATION

In this section, we focus our study in the optimization of the daylight performance based on
SA. As we have said in subsection 3.1, when
performing SA, the architect is not interested in
testing random design alternatives, but instead
in evaluating a significant sample of the design
space, in order to collect information on the influence that each parameter has on the overall
performance. In our case, we decided to demonstrate how SA can be used to both optimize a
building regarding a single objective, and how
the obtained results can also be used to help define the variables and corresponding constraints
for a multi-objective problem.
5.1.1

DAYLIGHT REQUIREMENTS

To evaluate daylight, the metric considered was
the Spatial Useful Daylight Illuminance (sUDI)
(Nabil and Mardaljevic, 2005). sUDI measures
the percentage of area that is between a defined
range of illuminances, during at least 50% of the
annual occupied time. However, due to the fact
that we are working on an exhibition space and it
must meet particular daylight requirements, instead of using the predefined UDI ranges, i.e.,
4

from 300 lux to 3000 lux, we decided to use a
more adequate one.

From the graphs on figure 2 we can infer the
impact the skylight height has in the sUDI. As
we can see, as the skylight height increases, the
sUDI decreases. This conclusion was expected,
as a higher skylight height would cause the light
to focus in a smaller area, instead of evenly distribute the light along the space, creating unlit
spots. Based on this conclusion, we will focus on
the graph regarding the height of 1.5 m. According to this graph, we can see that the sUDI tends
to improve when the skylight area increases. For
this reason, we decided to perform another SA
evaluation following the previous assessments, in
order to understand if skylights with bigger areas
than the ones already tested have, in fact, a positive impact in the sUDI.

According to CIE (2004) and considering the
material classification for our space as low sensitivity, ideally, it should have a constant light of
200 lux. However, it is impossible to guarantee
those values using only natural light, reason why
constraining the sUDI to a very small range is not
realistic. To overcome this problem, we decided
to delimit the sUDI between 0 lux to 220 lux, this
way we guarantee that the space does not have
high amounts of daylight that could damage the
art pieces. Finally, our goal for the optimization
is to obtain the maximum sUDI possible.
Regarding the current conditions of the case
study we performed a sUDI simulation from
which we obtain a value of 70%. Even though
this sUDI percentage was an acceptable value according to our objectives for this space, we observed situations of intolerable glare. Based on
these results, it was possible to conclude that
there was room for improvements and, even if
only a small improvement was achieved, it still
had a substantial impact on the overall daylight
performance.
5.1.2

For the new set of simulations the skylight
height was fixed at 1.5 m and the range of the
width was increased to 1.5 m to 4 m, while maintaining the range of the length which already incorporated the maximum value it can uphold. At
the end, we added the results of this new set
of simulations to the previous ones, creating the
graph in figure 3.
According to this graph, increasing the width
range had, for the most part, a positive impact on
the sUDI. However, for the skylights with a bigger
area, the sUDI percentage started to decrease.
Nonetheless, this decreasing was not very accentuated and still allowed for a good sUDI percentage.

SENSITIVITY ANALYSIS

In order to evaluate the effect in the sUDI, the
parameters considered were the width, length,
and height of the skylight, and we tested this
for different translucent materials. The materials tested were all translucent panels with different total transmissions, and were applied to the
skylight, as well as to the curtain-wall. After executing all the SA simulations, we organized the
results into 3D graphs, in order to ease the process of deducing trends and relations between
the parameters.
The first SA we performed was for a translucent panel with a total transmission of 25% Translucent Panel 25%. We analyzed the space
for different skylight heights and we measured
how the length and width of the skylight influenced the sUDI. For this set of simulations, the
height ranged from 1.5 m to 4.3 m, the width
ranged from 0.2 to 1.5 m and the length ranged
from 6.5 m to 17.5 m. The results of all these
simulations are displayed in the five graphs represent in figure 2.

Figure 3: How the sUDI_0_220 | 50% varies according to the
skylight width and length, for a skylight height of 1.5 m and a
translucent panel with a total transmission of 25%.

Taking into account the information already
collected, we performed three more SAs, this
time, for three translucent materials - Translucent
Panel 15%, Translucent Panel 45%, and Translucent Panel 65%. Instead of performing the simulations for a wide range of translucent panels, with different total transmissions, we choose
these three since we considered them to be a
5

Figure 2: How the sUDI_0_220 | 50% varies according to the skylight width and length, for different heights of the skylight and
for a translucent panel with a total transmission of 25%

good sample to understand which ones should
be used for the optimization, even if they were
not tested in SA. For these three materials the
height was fixed to 1.5 m, the width ranged from
0.2 m to 4 m, and the length ranged from 6.5 m
to 17.5 m. The graphs with the results for these
simulations are displayed in figure 4.

Concerning the other two materials they presented, in general, low sUDI percentages, being
that when using the Translucent Panel 45% we
still obtained better sUDI percentages than when
using the Translucent Panel 65%.
According to these simulations, if we intend
to optimize this space concerning only its daylight performance, we should use a translucent
material with a total transmission of 25% in the
curtain-wall and in the skylight and chose a skylight with a bigger area.

Regarding the graphs in figure 4, we can
clearly see that the Translucent Panel 15% was
the one that produced the best results in terms
of sUDI. Yet, those results were slightly misleading, as a material with a total transmission of only
15% does not allow a lot of light to pass through,
reason why it was expected that it would create
a space that is too dark the majority of time. To
confirm this speculation, we performed a similar set of simulations to the ones used to create
these graphs, in which we changed the range of
the sUDI to -1 lux to 55 lux. We used -1 lux as the
lower limit to assure the analysis tool also considered the points that have an UDI equal to 0
lux, otherwise it would have just taken into account the ones that are superior to 0 lux. As for
the upper limit, we decided to use 55 lux since a
space that is, for the majority of the time, under
55 lux is considered to be too dark. At the end,
we obtained high sUDI percentages for almost
all evaluated solutions, confirming that by using
this material the space is in fact too dark.

In the next section we evaluate the optimization methodology proposed in subsection 3.2.
To this end, we take advantage of the information
provided by the SAs performed here to help us
reduce the design space for the multi-objective
optimization, thus decreasing the time and number of evaluations needed to find the optimal (or
near optimal) solutions. In the next paragraph,
we present the variables and the constraints we
decided to use for the multi-objective optimization.
Regarding the skylight height, it will be fixed
at 1.5 m, since, due to the geometry of the space,
it is the minimum possible value that does not
have a negative impact in the sUDI. Concerning
the width and length, the ranges defined were
from 1.5 m to 4 m and from 6.5 m to 17.5 m,
respectively, as skylights with bigger areas had
6

Figure 4: How the sUDI_0_220 | 50% varies according to the skylight width and length, for a skylight height of 1.5 m, for different
translucent panels.

a more positive impact on the sUDI. Finally, regarding the materials for the skylight and the curtain wall, the one that demonstrated to have better performance was the Translucent Panel 25%,
followed by the Translucent Panel 45%. Therefore, we decided to use these two materials, as
well as the one in between, i.e., the Translucent
Panel 35%. Although this last one was not evaluated in the SAs, according to the trends identified through it is expected to also have a good
performance.

5.2

those that produce the worst sUDI percentages,
whereas the most expensive ones produce the
best sUDI percentages.
We used the Pareto Optimization approach
to deal with these contradictory objectives. Instead of producing a single optimal solution, the
Pareto Optimization approach produces a set of
optimal solutions. This set of optimal solutions
are called non-dominated solutions and represents the trade-offs between the two objectives,
where we cannot improve one objective without
harming the other. In contrast, the other solutions found are the dominated ones and represent the solutions that are worse than another
solution in one criterion and no better in the
other criterion, therefore being dominated by
other solutions (Khazaii, 2016). Finally, in Pareto
Optimization the set of all non-dominated solutions is called Pareto Front, which, in our case, is
represented by a line since we are dealing only
with two objectives.

MULTI-OBJECTIVE OPTIMIZATION

In subsection 3.2, we proposed a multi-objective
optimization methodology. In order to use that
approach we first need to define the optimization objectives and choose the optimization algorithm. Over the next sections, we will describe
the objectives defined and the relations between
them, and the chosen optimization algorithm, as
well as present the evaluation of the results obtained.
5.2.1

5.2.2

OPTIMIZATION OBJECTIVES

OPTIMIZATION ALGORITHM

The algorithm chosen for this optimization was
the NSGA-II (Deb et al., 2002), an evolutionary algorithm. This type of algorithm is based on natural selection processes. It starts by generating an
initial set of solutions - population - from which,
at each iteration of the algorithm, a new and improved population is created. The early populations are frequently more diverse, whereas the
final ones are generally much closer to the fittest
individuals.

In order to evaluate the multi-objective workflow
proposed, we needed at least another objective
in addition to the daylight performance. Therefore, we decided also regard as an optimization
objective the material cost of the skylight. For
this, we created a function that considers the
area of the skylight elements, as well as their material cost per m2 .
In sum, the objectives for our multi-objective
optimization were (1) maximize the sUDI between the range of 0 lux and 220 lux and (2) minimize the material cost of the skylight.
However, from the results of the SA we concluded that these objectives are contradictory.
This means that, the less expensive skylights are

In our case, for one run of the algorithm, we
specified the population size as 10 and the number of iterations as 20, generating a total of 200
solutions in each run. We decided to run the algorithm three times, as a way to assure diversity of the obtained results. Nonetheless, in the
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context of a real project, where architects usually
deal with very tight deadlines, it is possible to opt
for just one run of the algorithm and increase the
population size and/or the number of iterations.
5.2.3

with a skylight length higher than 8.9 m, being
the range given to the algorithm too extensive.
On the other hand, this may denote that the optimization algorithm did not analyse enough solutions with a length higher than this one, therefore
not finding any non-dominated solutions with a
skylight length above 8.9 m. Due to the nature
of an architectural multi-objective optimization
problem, it is almost impossible to know for sure
which are the optimal solutions. The only way
to be certain that there are no additional nondominated solutions than those found by NSGAII in this situation, is to test a wider range of solutions with the same algorithm or with different
algorithms, and then compare the results with
those obtained here. In an ideal situation, the
architect would initially test multiple algorithms
with a small sample of the design space and,
then, choose for the main optimization process
the one that performed better to the given problem.

PARETO FRONT

Once we obtained the optimization results, we
decided to visualize them on a scatter plot,
where we represented the Pareto front, as well
as the dominated and non-dominated solutions
(figure 5). By visualizing the results in this type of
plots, we are able to (1) quickly identify the best
solutions found by the algorithm, (2) analyze the
diversity of all the evaluated solutions, (3) analyze the extent of the algorithm search, and, finally, (4) understand the convergence of the algorithm, which eventually focus a higher number
of solutions in the most promising regions of the
design space.
Moreover, in order to better understand how
the skylights of different solutions affect the exhibition space, we produced two rendered images for three solutions along the Pareto front,
during the Summer and Winter solstices at 12
pm. Figure 5 represents the correspondence between the Pareto front solutions and the render
images.

Width
[m]
1.5
1.5
1.6
1.6
1.6
1.6
1.8
2.3
2.4
2.3
2.6
2.8
2.3
2.2
2.7
3.4
3.5
3.9
3.4
3.9
3.7
3.8

We also decided to produce a table with
all the non-dominated solutions found by algorithm (table 1). This table shows what combination of variables - width, length, and material produced each one of the non-dominated solutions, as well as, the corresponding sUDI and
cost.
From the analysis of table 1, we can observe
that none of the non-dominated solutions found
by the optimization algorithm used the Translucent Panel 45%, and only three used the Translucent Panel 35%. Regarding the other two variables, the range decided for the width (between
1.5 m and 4 m), which was based on the previous SA results, proved to be adequate as the
width of the non-dominated solutions ranges
from 1.5 m and 3.8 m. Nevertheless, concerning the length variable, the algorithm only found
non-dominated solutions for values lower than
8.9 m and the maximum value of the length
range was 17.5 m. One the one hand, this may
mean that there are no non-dominated solutions

Lenght
[m]
6.5
6.5
6.6
6.7
6.8
7.2
6.9
6.8
6.8
7.1
6.9
6.6
8.1
8.9
7.7
7.3
7.2
7.2
8.9
8
8.9
8.9

Material
Translucent Panel 25%
Translucent Panel 35%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 35%
Translucent Panel 25%
Translucent Panel 35%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%
Translucent Panel 25%

sUDI
[%]
45
45
47
49
51
52
57
58
61
64
65
68
70
71
73
75
78
79
82
83
84
86

Cost
[€]
3723.75
3723.75
3921.60
3975.20
4028.80
4243.20
4385.70
5077.40
5227.20
5277.05
5598.90
5674.80
5942.55
6286.30
6342.15
7159.70
7230.00
7858.80
8550.10
8628.00
9116.05
9304.70

Table 1: Non-Dominated Solutions.

Besides evaluating the proposed methodology in a real case study, one of our main goals
was also to improve the daylighting conditions
of the exhibition space, which currently presents
a sUDI value of 70%. However, not all the nondominated solutions found represent a solution
with an improved daylight performance, being
that the sUDI values range from 44% to 86%. On
the one hand, this does not necessarily means
that the best solution for this optimization problem is the one with the higher sUDI percentage,
as it also represents the solution with the more
expensive skylight. On the other hand, since we
8

Figure 5: Render images of the exhibition room for different solutions of the Pareto front.

also intended to improve the daylight performance of the exhibition area, we are not interested in choosing a solution with a sUDI lesser
or equal to 70%. To conclude, it is the set of solutions with an improved sUDI we must present
to the architects in order for them to select the
solution that appraises them the most, while taking into account the trade-offs between lighting
performance and cost.
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objective optimization problems, it is expected
to obtain a set of optimal (or near optimal) solutions, since trade-offs between the different objectives must be made. This way, when adopting
the proposed workflow, the architect is the one
who has to choose the final solution. Finally, we
can say that the methodology we are proposing here is a powerful tool in helping architects
make more informed decisions regarding different performance aspects, from the early design
stages.

CONCLUSIONS

In the future, we intend to test our methodology with different optimization algorithms. During this dissertation we only tested the NSGA-II
algorithm. Nevertheless, there is a wide range
of optimization algorithms and new ones are
being proposed. Moreover, according to the
specifics of each problem, different algorithms
can perform better than the one we used. For
this reason, it is important to test different algorithms in order to identify which ones perform the best according to the optimization requirements. Similarly, it is important to understand which ones deal best with single-objective
optimization, which ones deal best with multiobjective optimization, or, even, which ones deal
best with extensive design spaces.

In this thesis, we focused our research of PBD
on daylight optimization. We proposed exploring SA to optimize one performance criterion
without requiring the use of optimization algorithms. We also demonstrated how SA can provide valuable information about the relations between the different design parameters, which will
help to deduce an adequate design space for
when the architect is interested in solving optimization problems regarding multiple performance criteria. Moreover, we also proposed a
PBD methodology, that takes advantage of the
ADA approach and combines it with optimization
algorithms, in order to solve multi-objective optimization problems. When dealing with multi9

Another interesting topic to address in the
future is increasing the number of optimization
objectives. In the context of this thesis, we perform a multi-objective optimization with two objectives. However, the multi-objective optimization methodology we proposed is not limited to
only two objectives and, in fact, it allows designers to add as many objectives as they need. This
is an important advantage of the methodology,
since an architectural project usually has a wide
range of conflicting requirements that need to
be accomplished simultaneously. Nonetheless,
it is noteworthy that when an optimization problem includes more than three objectives, the optimization process requires considerable computational resources, and visualizing the results becomes a very difficult task. Additional research is
needed to improve upon these problems.
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