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Chapter 1

Introduction

With urbanization, an ever increasing number of people moved to cities with the
hope of a better life. The development of cities induced a change from natural areas
to urban areas provoking changes in the thermal properties of the local environment.
The pavements building and other surfaces increasing the quantity of heat retained
compared to the surrounding rural areas. This phenomenon is called the heat island
effect. This effect results in a significant increase in city temperatures inducing an
increase in energy cost to cool down the cities, air pollution levels, and heat-related
illnesses.[1][2]

A solution to limit the heat island effect is by providing shade to allow the
shaded surfaces to retain less heat. This shade can be provided either by natural
or structural elements.

Figure 1.1: Urban canopy model



In this thesis, we will propose a structural solution to provide shade, see figure 1.1.
This solution will be modeled using digital tools and multi-objective optimization
with a genetic algorithm called NSGA-II. This solution is called an urban canopy.

The thesis has the following structure:

Chapter 2 is the state of the art of urban canopies, we define the term and show
what as been done around the world on the subject of urban canopies.

Chapter 3 is a state of the art about multi-objective optimization. We start by
defining optimization, then continue with multi-objective optimization explaining
different methods and algorithms. And finally selecting the algorithm that we will
use for the multi-objective optimization of our urban canopy.

In chapter 4, we describe all the tools that are needed for the modelization and
optimization of our urban canopy model. These tools are:

e Rhinoceros3D: for the interface of the modelization and visual renderings
o Grasshopper: for the parametric modelization

Karamba3D: for the structural modelization

Ladybug: for sun path simulations for the shade analysis
o Wallacei: for the multi-objective optimization

We also made verification in order to make sure that we use the tools properly
and that they give us the correct results.

In chapter 5, we start by modeling our urban canopy see figure 1.2. We chose to
model a rectangular steel canopy, its dimension can be adapted to the requirement
of the environment. Its shape however is fixed but the model could be adapted to
have a shape more adequate to different environment. To model our urban canopy,
we start with a rectangular structure to which we add beams in the vertical and
horizontal directions. These beams can either follow a rectangular pattern or a
diamond pattern. We will then optimize the structure using Wallacei by modifying
the beam pattern, the number of beam in the vertical and horizontal direction, the
height and width of the cross-section and the angle of inclination of the beams. By
modifying these parameters, we will do three optimization analysis types:

o A structural optimization analysis: we will be minimizing the mass of the
canopy while respecting a deflection constraint for different canopy dimensions.



(a) Rectangular grid (b) Diamond grid

Figure 1.2: Perspective view of our canopy model

» A population based analysis for a shade optimization: we will be maximizing
the shaded area of a canopy of fixed length and width while minimizing
its mass and respecting a deflection constraint. We will be doing this with
different population parameters in order to analyse the impact of these
parameters on the simulation.

o A dimension based analysis for a shade optimization: we will be maximizing
the shaded area of different canopy dimensions while minimizing their masses
and respecting a deflection constraint. This will permit us to analyse the
impact of the dimension of the canopy on its parameters.



Chapter 2

Urban Canopy

When we are looking for the term “urban canopy” online we discover that it
covers a large range of topics. We can find a company doing thermal imaging of
urban areas, another doing an urban farming, or still another one planting trees in
urban areas. The list goes on with still different definitions of the urban canopy.
However, there are no clear definitions on the type of urban canopies that this
thesis is about.

It is therefore important to clarify what we mean by "urban canopy'. The Collins
dictionary describes a canopy as "a layer of something that spreads out and covers
an area, for example the branches and leaves that spread out at the top of trees in
a forest'[3] and describes urban as "belonging to, or relating to, a town or city"'[4].
Based on those definitions and on the following examples of urban canopies, we
will define an urban canopy as a structure designed to provide shade and shelter in
an urban area.

Urban canopies can be made from a variety of materials, such as steel, wood,
glass, or fabric, and can take on a variety of shapes and sizes depending on the
specific needs and design of the space. They can be freestanding or attached
to buildings, and may be used for different purposes, including providing shade
for pedestrians, protecting against the elements, and creating a visual barrier or
division between different areas. Urban canopies are an important feature of many
modern cities, as they can help to create comfortable and attractive public spaces
that are more inviting to people and can help to enhance the overall livability of the
city. We can find in several cities covered streets with simple fabrics as in Granada
in Spain[5](figure 2.1a), or even umbrellas as in Agueda in Portugal[6](figure 2.1b),
to create shade and make the city walk more pleasant in warm weather. The use
of fabric to produce shade over is however not new, it has even been around since
ancient Egypt (figure 2.2).



(a) Granada’s covered street - image (b) Agueda’s umbrella sky project -
by Peter Xu[5] image by Adam Rifkin[6]

Figure 2.2: Canopy of ancient Egypt|[7]

However, for this thesis, we will concentrate on more complex structures and
explore different urban canopies that can be found around the world.



Canopy of "Les Halles" - Paris, France

The canopy of the "Forum des Halles"[8][9][10][11] (figure 2.3) in Paris was
designed by the architects Patrick Berger and Jacques Anziutti. The canopy is a
17 metres high and 2,5 hectares undulating glass roof inaugurated on the 5th of
April 2016. "Les halles", a market building build in the 1850s, was a wrought-iron
and glass designed by the architect Victor Baltard but was destroyed in the 1970s
and replaced by an underground shopping centre. It was nicknamed "the hole of
les Halles" and has been a national embarrassment ever since. The canopy was
therefore constructed to recall some of the spirit of Baltard’s market. The canopy
with its 18,000 glass shingles held in the air by 7000 tonnes of steel and a cost of
over €200m was said to be one of the most ambitious architectural projects of the
decade. The canopy is now stretched above a station that serves 750,000 passengers
daily, the second most visited shopping mall of Paris with 42 million visitors in
2018, gardens, a library, and a music and arts conservatory.

Figure 2.3: The canopy - images by Sergio Grazia[l1]



Cityscape - Brussels, Belgium

Cityscape[12][13](figure 2.4) was a wooden sculpture designed by Arne Quinze in
Brussels. It was planned to be displayed from September 2007 to September 2009
to bring life to the Louisa neighbourhood but stayed up a bit longer thanks to its
success. The artwork was an 18 metres high structure supported on 12 metres high
posts and was 65 metres long and 25 metres wide. After the demolition, ‘Cityscape’
literally and figuratively left a feeling of emptiness in the neighbourhood.

Figure 2.4: Cityscape[12]

Guillemins station - Liege, Belgium

The Guillemins station[14][15](figure 2.5) in Liege was designed by the architect
Santiago Calatrava. He won the commission to design the new Guillemins station
after Eurogare issued a request for design proposals from architects all over Europe
to replace the former station due to increasing demands for the high-speed rail
travel. The station was conceived as a link between two areas of the city of Liege.
The dome is composed of 32,200 m? of glass and 39 arcs going up to 40 metres
above ground level. The vault above the station is 200 metres long, 73 metres wide
and has a surface of 29,000 m?. The structure is composed of 10,000 tonnes of steel



and required 67,000 m3 of concrete to hold the structure. The construction lasted
from 2001 to 2009 and was mainly achieved by Franki Foundations and Wust.

Figure 2.5: Guillemins station - images by fredlarebiere (a,b,d)[16] and (c)[15]

Kiel Canopy - Antwerp, Belgium

The Kiel Canopy[17](figure 2.6) was designed by B-architecten to provide a
landmark for commercial plaza in Antwerp. The structure is a 12 metres high 92 by
13 metres grid composed of continuous steel strips of 6mm by 250mm. The grid’s
geometry was structurally optimized with variation in the grid’s density instead
of variations in the grid’s height. The same structural principle has been used on
smaller canopies providing glazed shelters. The engineering designs were done by
Ney & Partners in 2004 for the construction in 2005. The cost of the project was
of €1M.



Figure 2.6: Kiel canopy - images by Filip Dujardin (a,b,c)[18] and Nicolas Janberg
(d)[19]

Market Hall - Ghent, Belgium

The Market Hall[20][21][22][23](figure 2.7) designed in 2012 by Robbrecht &
Daem and Marie-José Van Hee is a concrete and timber structure, with gabled
forms inspired by a nearby town hall, that provides shelter in the center of the
city of Ghent. The Market Hall is 40 metres long and opened on all sides. It is
composed of four concrete feet on the four corners that support an asymmetric
roof made out of timber protected by glass squares. The glass squares reflects the
light giving a chameleon-like appearance to the Hall with constant changing colors.
The roofs has hundreds of rectangular slits lighting the interior by day and shining
out by night when the hall is internally lit. With the concrete piers containing a
great fireplace and a lift to the level below, they give great support for the various
events, such as concerts, dance performances, and markets.



Figure 2.7: Market Hall - images by Dienst Toerisme (a)[20], Tim Van de
Velde(b,d)[23], and Hufton + Crow (c)[22]

Metropol Parasol - Seville, Spain

The Metropol Parasol[24][25][26](figure 2.8) locally known as "las setas de la
Encarnacion" was designed in 2004 by the architect Jiirgen Mayer H with the help
of the engineers from Arup. Its construction finished in April 2011 to fill after 30
years the void left by the destruction of the Mercado de la Encarnacion in Seville.
The Metropol Parasol is a 30 metres high mushroom/waffle-like structure made
out of laminated timber, steel, concrete and glue. It is one of the largest timber
structure in the world, and the largest structure held together by glue. The idea
of the Parasol was to provide shade and make the square more habitable. The
columns supporting the roof could only come from a few places due to Roman
ruins underneath the square. From those constraints came the trunk-like uprights
that contain lifts, stairs, and the structural system. The Parasol contains a market,
multiple shops, a podium for concert and events, the ruins of a Roman district in
its basement, and on its roof a restaurant, a viewing gallery and an undulating
walkway.

10
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Figure 2.8: Metropol Parasol - images by Fernando Alda (a)[26], Léon de Séjournet
(b,c), and David Franck (d)[26]

Oostende station - Ostend, Belgium

The roof canopy of Ostend railway station[27][28](figure 2.9) was designed by
Diermar Feichtinger Architectes for a competition in 2006 for proposals to overhaul
the station. The canopy is a giant roof that is both light and transparent. Its
goal is not only to shelter, but also to help the travelers to navigate intuitively
through the station. The station is getting more and more passengers over the
years with an increased number of buildings and parking, there was a need to unify
the site and its train, tram, bus and boat connections. The canopy is a 22,000m?2
roof composed of polycarbonate panels on a supporting steel structure. The panels
are colored to give variation of light under the roof depending on the exterior
brightness, it also provides sun protection and avoids direct glares. The structure
offers an unobstructed view of the adjacent marina with different functions and
installations that are integrated under the roof with stairs, elevators, a footbridge,
billboards, and electrical installations suspended from it. The renovation of the
station took place from 2007 to 2019 for a total cost of €37M.

11
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Figure 2.9: Oostende station - images by David Boureau[28|

Perdana Canopy - Kuala Lumpur, Malaysia

The Perdana Canopy|[29][30](figure 2.10) was designed by GDP Architects in
2014 and is located in the Perdana Botanical Garden of Kuala Lumpur. It was
inspired by the surrounding context of lake and greeneries with its fluidity and
organic nature. The canopy is composed of 2,490 panels randomly alternating
between perforated aluminium, solid aluminium, clear laminated glass and fritted
clear laminated glass giving sufficient light and creating beautiful shadows. The
structure has for objective to provide shelter by mimicking lush tall trees while
acting has a landmark. The goal was also to adopt camouflage quality by replicating
trees so that the canopy do not overshadow the natural reserve around it. The
space can be used to host various events and can accommodate large crowds. It is
Malaysia’s first single layered monocoque system structure.

12
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Figure 2.10: Perdana Canopy- images by (a)[29] and Ryan Chin (b,c,d)[31]

Solar Trees Marketplace - Shanghai, China

The Solar Trees Marketplace[32](figure 2.11) designed by Koichi Takada and
completed in 2022 was inspired by the rich landscape and forests of Shanghai. The
development was completed in 2022 and is situated in the Minhang district, 20kms
south-west of Shanghai on the One Tian An Place Residential Masterplan. It is
composed of thirty-two architectural trees that rise from the ground to create a
canopy of timber and branches sheltering a 3,450 m? modular marketplace. The
forest concept makes a reference to China’s commitment to be Carbon Neutral by
2060. The Solar Trees therefore considered environmental and sustainable design
initiatives. Solar panels placed on translucent canopies will generate power and
the timber branches and leaves of the man made trees will provide shade and
shelter on the footpath, while allowing light and fresh air on the marketplace. The
marketplace will become an extension of the natural landscape. Koichi Takada said:
"We want to humanise buildings in the district, to be more engaging to the public
and contribute to the regeneration of communities and their neighbourhoods. We
want architecture to celebrate cultural identity, along with encouraging pedestrian

13



activities and a more walkable and livable city'[32].

(d)
Figure 2.11: Solar Trees Marketplace - images by ZY Photography[32]

Theaterplein - Antwerp, Belgium

The Theater Square[33][34](figure 2.12) in Antwerp was designed in 2004 Bernardo
Secchi and Paola Vigano and separated into four major spaces: the garden in the
south, a covered square in the north, the mall in the west along the Oudewaart
square, and an equipped space in the east along the Meis street. The covered part
has for role to create a relation and shared proportions between the public space
and the theatre. A permeable roof is supported by slim steel columns and allows

14



the light of day and rain to go through it. Stairs surround the canopy allowing
access to the different levels of the of the theater. This covered space is used weekly
for a market.

Figure 2.12: Theaterplein - images by Teresa Cos[34]

Tree-Structure Canopy - Frankfurt, Germany

The Tree-Structure Canopy[35][36][37](figure 2.13) has been designed by Just
Burgeff architeckten and a3lab to protect the entrance and departure area of the
WestendGate, one of the most iconic towers of Frankfurt. In addition of providing
performance needs such as weather protection, it was required for the canopy to
contribute significantly to the building’s visual impact at the human scale. The
structure covers an area of 1,200 m? and has an height between 8 and 14 meters.
Due to different design parameters, such as the fact that the Tree-Structure’s
columns had to be positioned above the columns of the underground parking, or
that the office facilities in the tower had to continue during the construction phase.
It was therefore decided to use a prefabricated structure which would allow fast
and welding-free assembly on site. Before arriving to the final design, several sets
of different, planar mesh structures and structural principles were examined based
on their performance, cost and design quality. The supporting structure consists

15



of steel pipes of same diameters, but with three different wall thicknesses. The
pipes were welded together in several assembly units and then bolted on site. The
hive-like roof surfaces were then fitted with transparent pneumatic ETFE plastic
cushions of different shapes. The project was completed in early 2011.

Figure 2.13: Tree-Structure Canopy - images by Eibe Sénnecken (a,c)[36] and
(b,d)[37]

16



Wooden Canopy - Jonkoping, Sweden

The Wooden Canopy[38][39](figure 2.14) designed in 2016 by Erik Giudice
Architecture for the station of Jonkoping has the philosophy to connect the city
with its surrounding nature. The matchstick like structure was done to pay homage
to the city’s past as the matchstick capital of Sweden. With the use of wood and
polycarbonate panels, the structure provides shade, sunlight, natural ventilation,
and protection against the elements on a surface of 10,000 m?2. The polycarbonate
covering can be integrated with solar panels for the station to generate its own
energy and the rainwater can be harvested and reused for the planted area. As a
part of the station, the canopy would also shelter shops, cafes, and restaurants.

Figure 2.14: Wooden Canopy - image by Erik Giudice Architecture[39]

Urban canopies aims to:
o provide shelter against the elements (rain, hail storms,...)
o combat the heat island effect by providing shade
o improve the quality of life of the users

» bringing people together

17



create landmarks
unify public areas

develop urban infrastructures and their aesthetics

However, they also have constraints that are to:

optimize the financial budget and the cost-benefit ratio for the initial invest-
ment, manage the maintenance along the time,

ensure the structural stability
optimize the limitations on available space,
ensure the safety of the structure

comply with the regulatory requirements

Certain canopies can have multiple or all of these goals and constraints combined.
In order to solve all of these objectives at once, multi-objective optimization should
be used.

18



Chapter 3

Multi-objective optimization

3.1 Optimization

Optimization[40][41] is the art of modeling in order to obtain the best results
under specific circumstances. It is a procedure that finds and compares feasible
solutions until no better solution can be found. Solutions are termed good or bad
in terms of an objective, which can be the cost of fabrication, the efficiency of a
process, the reliability or other factors. A part of the research and applications
consider a single objective of optimization, however, most of real-world problems
involve more than one objective. When an optimization problem modeling a
physical system uses only one objective function, the task of finding the optimal
solution is called single-objective optimization. When it involves more than one
objective function, the task of finding the optimal solution is called multi-objective
optimization. Different methods can be used for optimization[40]:

o Optimization algorithms: they terminate after a finite number of steps.

o Iterative methods: they are used to solve nonlinear programming problems
and differ depending on whether they are evaluating gradients, Hessians, or
function values. They converge towards a solution.

o Heuristics and metaheuristics: heuristic states to find or discover by trial
and errors. It does not guarantee to find optimal solutions but it permits to
find good solutions in a realistic period of time for a challenging optimization
problem

For this thesis, we will use the metaheuristics which can find successful solutions
with less computational effort than the other optimization methods.[40]

19



Classification of single objective metaheuristic algorithms

Metaheuristic processes are categorized based on their way of functioning. These
algorithms are based on inspirational behaviours which means that they take inspi-
ration from behaviours happening in nature. The classification is the following:[40]

o Local and Global Search: this first approach characterizes the search strategy
type. An improved simple local search algorithm is one type of search strategy.
A well known local search algorithm is the method of ascending the hill, which
is used to find optimal locations. The global metaheuristic searches not based
on local searches are typically population-based metaheuristic.

« Single Solution Approach and Population-Based Algorithm: the single solu-
tion approach concentrates on improving and optimizing individual candidate
results. It involves iterated local search, simulated annealing, directed local
search, and variable neighborhood search. However, single solution-based
algorithms fail to get global optimum solutions. Therefore, the population-
based algorithms have earned a large interest in the field of optimization.
Population based algorithm can be categorized into the following classes:

— Swarm based optimization: imitate the intelligent behaviours of several
species like ant colonies, bird flocking or fish schooling.

— Evolutionary algorithms: based on the biological development of species
in the form of reproduction, genetic mutation, and natural selection.
These algorithms are mainly used for numerical optimization methods.
This algorithm type will be described more in depth further in this
chapter.

— Physics-based optimization: based on laws and theories of physics.

— Ecology based optimization: based on the interactions among different
species of the natural ecosystem. They can be both inter-species and
intra-species interactions. These algorithms are mainly used to solve
modern engineering and computer science problems.

» Hybridization of Algorithms and Memetic Algorithms: the hybrid approach
blends a metaheuristic method with additional forms of optimization.

o Parallel Metaheuristic Approaches: these approaches are unique. They use
identical programming procedures to perform multiple similar metaheuristic
searches. These searches range from unique scattered schemes to simultaneous
exploration search that interacts to boost global results.

20



3.2 Multi-Objective Optimization

In multi-objective optimization[42][43][40], we usually have objectives conflicting
with each other, which prevent simultaneous optimization of these objectives. There
are two general approaches to multi-objective optimization using four methods.
These methods are the Priori method, the No Preference method, the A Posteriori
method, and the Interactive method. They are described in the next subsection.
The first approach also called scalarizing approach, is to combine the different
objective functions into a single composite function or set all but one objective
function as constraints. The determination of a single objective can be done
by methods such as utility theory, weighted sum method, etc... However it is
complicated to select the proper weights or utility functions to characterize the
decision maker’s preferences. Small perturbations in the selection of the weight can
lead to very different results. If we want to set the objective functions as constraint,
a constraining value must be established for each of the former objectives. In both
cases, the optimization method will give one single solution rather than a multitude
of solutions that can be examined. For this reason, decision makers often prefer to
have a set of good solutions with multiple objectives.

The second approach is to determine a set of Pareto optimal solutions also called
Pareto front. A Pareto front is a set of solutions that are non-dominated over one
another. In the different solutions, there is always one objective that is better off
for the worsening of an other. Pareto optimal solution sets are often preferred over
single solutions so that the choice for the final solution go to the decision maker.

3.2.1 Classification of multi-objective optimization algo-
rithms
There are often multiple Pareto solutions for Multi-objective Optimization

Problems (MOPs), the traditional single-objective problem is therefore not suited
for these situations. That’s the reason we use the following methods:[40]

o Priori Method: requires that sufficient knowledge about the expectation is
stated before the solution process

o Scalarizing: is a MOP with priori process expressed as a single-objective
optimization problem, where ideal solutions for the single-objective problem
are Pareto solutions for the MOP.

o No Preference Method: are methods where there are no preferential knowledge
over the decisions.

21



o A Posteriori Method: aims to generate all Pareto optimal solutions or a
representative subset. Most posteriori methods are based on the two fol-
lowing classes: posteriori-based mathematical programming methods and
evolutionary algorithms.

o Interactive Method: is an iterative process where the decision maker continu-
ally communicates with the system while looking for the desired solutions.

For this thesis we will use the evolutionary algorithms of the a posteriori method
because we want to find a multitude of Pareto solutions for our model. Moreover,
our optimization is of a numerical state and evolutionary algorithm are mainly
used for numerical optimization[40].

3.2.2 Evolutionary algorithms

Evolutionary algorithms(EAs)[44][45][46] are algorithms based on biological
mechanism such as mutations and crossovers. Mutation is a genetic operator to
maintain genetic diversity in a population. A crossover is the genetic operator
used to combine genetic information of two parents to produce an offspring. They
have become popular for these three main reasons: EAs do not require derivative
information, EAs are relatively simple to implement and EAs are flexible and have
a wide spread applicability. EAs mimic nature’s evolutionary principle to find an
optimal solution and use a population of solutions for each iteration. The outcome
is therefore also a population of solutions. If the EA has only one optimum solution,
the outcome of the population members will converge toward that optimum solution.
However, if the optimization problem has multiple optimal solutions, an EA will be
able to have multiple optimal solutions in its final population. Moreover, this ability
of an EA to find multiple Pareto solutions in one run makes it ideal for MOPs.
In the EAs domain, we can find genetic algorithms (GAs), genetic programming
(GP), differential evolutions (DEs), evolution strategies (ESs), and evolutionary
programming (EP). They all have many different varieties and are used in many
different applications.[47] A general loop for EAs can be seen on figure 3.1[48]

Genetic algorithm

GA[41][40] was developed by Holland in the 1970s and its optimization process
is inspired by natural selection and genetics. It is relatively easy to understand
and uses operators like mutation and crossover. We will continue describing GAs
in a further section.
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Figure 3.1: The general evolutionary algorithm[48]

Genetic programming

GP[49][40] was developed by Koza in 1988 and is a systematic method to get
computers to automatically solve a problem based on a statement of what needs to
be done. It is a domain-independent method that genetically breeds a population of
computer programs to solve a problem. The process is illustrated in figure 3.2[49].
It uses genetic operation such as crossover and mutation. GP is an extension of
GA in which structures in the population are not fixed length character strings
that encode candidate solutions to a problem, but programs that, when executed
are the candidate solution to the problem. These programs are expressed as syntax
trees. However, it does not give direct solutions to an optimization problem.

Differential evolution algorithm

DE[50][51][40] was developed by Storn and Price in 1995 and is used for min-
imizing continuous space functions. It uses similar computational step as other
standard EAs. However, unlike them DE perturb the current-generation population
members with the scaled differences of randomly selected and distinct population
members. By doing so, no separate probability distribution are needed to generate
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Figure 3.2: Genetic programming process|[49]

the offspring population. DE has now many variants with improved performances.
However, DE does not guarantee an optimal solution.

Evolution strategies

ES[48] was developed by Rechenberg in 1973. ESs differentiate them self from
GAs mainly by the method of selection and and whether the sensible strategy
parameters are adjusted (during the evolution) or not.

Evolutionary programming

EP[41][40] as been developed by David Fogel in 1988 following the work of his
father Larry Fogel in 1962 and is a mutation-based evolutionary algorithm applied
to discrete search spaces. However its methodology has no fixed structure and is
therefore difficult to study.

For our optimization model, we will be using genetic algorithms.

3.2.3 Genetic algorithms

The genetic algorithm (GA)[41][42][52], created by Holland in the 1970s, is an
optimization algorithm that draws inspiration from Darwin’s theory of natural
selection and Mendel’s theory of genetics. It is a highly parallel, random and
adaptive optimization algorithm which is based on “natural selection and survival
of the fittest”. GAs have unique solutions called chromosomes. Chromosomes
are made of discrete units called genes. These genes are binary digits in earlier
implementation. In later implementations more varied gene types have been
introduced. Each genes control one or more features of the chromosome. In the
first implementations, genes used to be binary, but there are now more varied gene

types.
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The GA begins by selecting a population of random chromosomes and then
evolves new chromosomes by using the objective evaluation, selection, crossover, and
mutation operators. For the crossover operators, we have two chromosomes called
parents that are combined to form a new chromosome called offspring. By iteratively
applying the crossover the genes of good chromosomes are expected to appear more
frequently in the population and lead to a convergence. For the mutation operators,
it introduces random changes into characteristics of chromosomes, it is generally
applied at the genes level.

Crossover will make the population converge and thus making the chromosomes
alike while mutation reintroduces genetic diversity into the population and help to
evade local optima. The reproduction is all about selecting the right chromosomes
for the next generation. The fitness of an individual will determine the probability
of its survival for the next generation. The selection can be done via proportional
selection, ranking or tournaments.

The procedure of a generic genetic algorithm is the following[42]:

o Step 1: Create a random parent population Fy of size N and set ¢t = 0.
Evaluate the fitness of the solutions F,

o Step 2: Crossover: Generate an offspring generation (); as follows:

— Step 2.1: Choose two solutions x and y from P, based on their fitness
value
— Step 2.2: Using the crossover operator, generate offspring and add them

to @y

o Step 3: Mutation: Mutate each solution z € (); with a predefined mutation
rate

o Step 4: Fitness assignment: Evaluate and assign fitness value to each solution
r € @)y based on its objective function value and infeasibility

e Step 5: Selection: Select N solutions from @); based on their fitness and add
them to F;

» Step 6: If the stopping criterion is satisfied, terminate the search and return
the current population, else, set t =¢ + 1 and go to step 2
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Multi-Objective Genetic Algorithms

A specific type of genetic algorithms are the multi-objective genetic algorithms
MOGA. GAs are well suited for multi-objective optimization thanks to their
population-based approach. The basic GA can be modified to find a set of non-
dominated solutions. Because most MOGA do not require to prioritize, scale or
weight objectives, GA is the most popular heuristic approach for multi-objective
optimization problems.

The first MOGA, called vector evaluated GA (or VEGA), was proposed in 1985
by Schaffer. It was the first GA to approximate the Pareto optimal set by a
set of non-dominated solutions. Afterwards, several multi-objective evolutionary
algorithms were developed including:[42][52]

Niched Pareto Genetic Algorithm (NPGA)
Weight-based Genetic Algorithm (WBGA)

Random Weighted Genetic Algorithm (RWGA)
Non-dominated Sorting Genetic Algorithm (NSGA)
Strength Pareto Evolutionary Algorithm (SPEA)
Improved SPEA (SPEA2)

Pareto-Archived Evolution Strategy (PAES)

Pareto Envelope-based Selection Algorithm (PESA)

Region-based Selection in Evolutionary Multi-objective Optimization (PESA-
1)

Non-dominated Sorting Genetic Algorithm II (NSGA-II)
Multi-objective Evolutionary Algorithm (MEA)
Micro-GA

Rank-Density Based Genetic Algorithm (RDGA)

Dynamic Multi-objective Evolutionary Algorithm (DMOEA)
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For Grasshopper, see section 4.2, the modeling tool that will be used in this
thesis, four plugins permits to solve multi-objective optimization problems using
different algorithms. Wallacei, Octopus, Opossum and Tunna. We will only
consider Wallacei and Octopus because they are the most used and best rated on
food4rhino[53], a website where the different plugins for Grasshopper and Rhino3D
are available. Wallacie uses NSGA-II and Octopus uses SPEA2.

The Non-dominated Sorting Genetic Algorithm IT (NSGA-II) is an improved
version of the Non-dominated Sorting Genetic Algorithm (NSGA). The NSGA[54]
was developed by Srinivas and Deb in 1994. It differs from simple genetic algorithm
just by the way the selection works. The crossover and mutation operators remain
the same. The population is first ranked based on an individual’s non-domination.
The non-dominated individuals present in the population are first identified from
the current population. It follows the flow chart that can be seen in figure 3.3.
The main criticism of NSGA were that there is a high computational complexity

initialize
population
gen = 0

identify

classified Nondominated

individuals
[]
- assign
reproduction dummy fitness
according to 1

dummy fitness

I sharing in

current front

front = front+1

|gen=

Figure 3.3: Flow chart of NSGA
of non-dominated sorting, a lack of elitism and a need to specify the sharing
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parameter.

To address these issues, the NSGA-I1[44] was developed in 2000 by Deb, Agrawal,
Pratap, and Meyarivan. NSGA-II is one of the most popular evolutionary multi-
objective algorithm and attempts to find multiple Pareto-optimal solutions in a
multi-objective optimization problem. It has as the following three main features:

o The use of an elitist principle

o The use of an explicit diversity preserving mechanism

e The emphasis on non-dominated solutions

Its procedure is the following and is schematized in figure 3.4[45].

Step 1: Create an initial random parent population Fj of size N and set t =0

Step 2: Apply crossover and mutation operators to F, to create an offspring
population () of size N

Step 3: If the stopping criterion is satisfied, return @),
Step 4: Combine the two populations for a new population R; of size 2N
Step 5: The different non-dominated front Fi, Fy, ..., F} of R, are identified

Step 6: Not all fronts can be accommodated in the N slots available for the
new population, we therefore do the following steps with i =1,...., k
— Step 6.1: Calculate the crowding distance of the solutions in F;
— Step 6.2: Create P, as follows
x Case 1: If |[Pyq| + |Fi| < N, then set Py = Py UFE;
x Case 2: If |Py 1| + |Fi| > N, then add the least crowded N — | P, 4|

solutions of F; to Py

Step 7: Use binary tournament selection based on the crowding distance to
select the parents from P, 1. Apply crossover and mutation operators to Pjyq
to create an offspring population (), of size N

Step 8: Set t =t + 1 and go to step 3
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Non-dominated Crowding

sorting distance Py
sorting
e, [ -]
| NI

| §> ,,,,,, E>( ,,,,, LB

}
‘:| —= Rejected
]

R

Figure 3.4: Schematic procedure for NSGA-II[45]

We know that the algorithm worked if the solutions converge toward the Pareto-
optimal front. To calculate the crowding distance d; of point 7, we must measure
the objective space around i which is not occupied by any other solution in the
population. We can calculate d; by estimating the perimeter of the cuboid, see
figure 3.5[45], formed by using the nearest neighbors in the objective space as the
vertices.

[44][45]

Figure 3.5: Crowding distance calculation

The Strength Pareto Evolutionary Algorithm 2 (SPEA2) is an improved version
of Strength Pareto Evolutionary Algorithm (SPEA). The SPEA[55] was developed
by Zitzler and Thiele in 1999. It starts with a regular initial population and
an empty archive. The next steps are then performed trough iterations. All
non-dominated population members are copied to the archive, all the dominated
individuals or duplicates are removed. If the size of the updated archive reached its
predefined limit, archive members are deleted by a clustering technique that keeps
the characteristics of the non-dominated front. Fitness values are then assigned to
both archives and population members. The next step is the mating selection phase.
Individuals from the union of population and archive are selected by means of
binary tournaments. Finally, after recombination and mutation, the old population
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is replaced by the offspring population. SPEA performed well in different studies,
but other studies showed its weaknesses.

Therefore SPEA2[55] was developed in 2001 by Zitzler, Laumanns and Thiele,
and these were the main changes that were made:

An improved fitness assignment scheme.

A nearest neighbor density estimation technique is incorporated. It permits
a more precise guidance of the search process.

A new archive truncation method guarantees the preservation of boundary
solutions.

The SPEA2 algorithm go as follow:[55]:

Step 1: Initialization: Generation of an initial random population Fy of size N
and creation of the empty archive Py = () of size N. Set t=0 with a maximal
number of generations T

Step 2: Fitness assignment: Calculate the fitness values of individuals in P,
and P,

Step 3: Environmental selection: Copy all non-dominated individuals in P,
and ﬁt to ?t+1'

— Case 1: If |Pyy1| > N then reduce P;; by means of the truncation
operator

— Case 2: If |Pyy1| < N then fill Py, with dominated individuals in P
and ?t

Step 4: Termination: If ¢ > T or another stopping criterion is satisfied then
return P, the non-dominated individual and stop

Step 5: Mating selection: Perform binary tournament selection with replace-
ment on P, in order to fill the mating pool

According to a study[55] by Zitzler, Laumanns and Thiele, it would seem that
SPEA2 and NSGA-II achieve similar results for different problems and performed
better than the other algorithms that where tested for the study(PESA and
SPEA). In some case, NSGA-II reaches a broader spread and hence a better
value of the performance measure, while SPEA2 provides a better distribution of
points, especially when the number of objectives increases. However the number of
objectives used for this thesis is limited. We will therefore use NSGA-II. Moreover,
Wallacei is the best rated of multi-objective optimization plugins available on
Grasshopper as we can see on the food4rhino website[53]
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3.2.4 Applications of multi-objective optimization in engi-
neering

Multi-objective evolutionary algorithms applications are almost unlimited. They
are mainly suited for optimization, scheduling, planning, design, and management
problems. These kind of problems are everywhere, engineering, finance, economics,
chemistry, transportation and so forth.[56] In this section, we will show examples
of engineering problems solved by evolutionary algorithms.

Yi et al. made a paper about the multi-objective optimization of a skylight roof
system. As a test case, a truss system was selected for maximizing the daylight into
the indoor space, maximizing the structure strength, and minimizing the system’s
weight, and the overall material cost. Grasshopper was used for the geometries,
Ladybug was used for the daylight simulation, Karamba3d was used for structural
analysis and MATLAB was used for multi-objective optimization. NSGA-II was
the algorithm being used for the study. It all permitted to find several solutions
that could satisfy the goals and their ranking order.[57]

Yu et al. proposed a multi-objective optimization model that could assist
designers in green building design. This model uses the NSGA-II algorithm to
simulate and optimize an improved back-propagation network. This permits to
characterize residential buildings behaviors and predicting their energy consumption
and the indoor thermal comfort. They then present a case study using the multi-
objective approach for typical Chinese building design that gives a wide range of
solutions for thermal comfort and energy consumption.[52]

Quagkia et al. worked on a multi-objective shape optimization methodology
for the design of an origami-inspired shelter to be used as relief housing in case
of disasters. The geometric parameters were used as variables to optimize the
structural performances and energy efficiency. By using a Simulated Annealing
algorithms for the optimization, a solution has been found and compared with
existing military solutions.|[58]

Van Ameijde et al. report the multi-objective optimization of the form-finding
and structural optimization of a site specific shaded public seating design. It
is taking in consideration the relationship between local public places to their
surroundings and by achieving a low-cost and light-weight structure. Their method
is applied on a small urban canopy prototype in a public housing facility in Hong
Kong. The method was done using the evolutionary solvers available on the
Grasshopper platform, Galapagos for the process design phase and Wallacei for
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the design research and development phase. This was all part of a larger project
exploring form-finding and environmental psychology.[59]

Sgambi et al. used genetic algorithms combined with a finite elements method
to assess the serviceability of a long-span suspension bridge. The GA is used to
find the most severe load scenarios from which the analysis focus on the maximum
vertical displacement of the bridge, its maximum longitudinal and transversal
slope and the maximum tension in the main cable and in the tower legs. The
use of a GA permitted to support the decision process for the design of complex
structure. The GA approach is suitable to make trustworthy evaluations of design
parameters.[60][61][62]

Sgambi et al. used genetic algorithm and the finite element method for the
optimization of precast hollow core slabs. Precast hollow core slabs are now widely
used due to their versatility, their multipurpose potential and their low cost. The
study focus on the structural design and optimization of their mechanical and
geometric characteristics. GA is used to optimize the cross section of the slab by
using five geometric features and the strand prestressing as genes and is optimized
considering the total slab weight while verifying the local and global stresses.[63]
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Chapter 4

What are the different tools used

We are now more familiar with multi-objective optimization and the concept
of urban canopies. However, we still have to get familiar with the right tools
in order to make the multi-objective optimization of an urban canopy possible.
The different tools that were used for this project are Rhino3D, Grasshopper,
Karamba3D, Ladybug and Wallacei. Having never used any of these programs
before, the first step was to get familiar with them.

4.1 Rhinoceros3D

Rhinoceros3D[64] or Rhino3D is a 3D modeling program. It is best known to
give the opportunity to model with NURBS (non-uniform rational basis spline).
The complexity of a model is only limited by hardware. For my part, I used both
the McOS and windows version. As for the use of Rhino in itself, I mostly used it
as an interface for Grasshopper and for visual renderings.

4.2 Grasshopper3D

Grasshopper3DI[65] is graphical algorithm that runs as a plug-in of Rhino3D. It
is greatly used for parametric modeling.
Its utilisation is quite intuitive. It rely on boxes. These boxes called components
can have several inputs and outputs which are linked by different function for
each of the different boxes. The output of the components are then linked trough
wires to the input of the next component. Some of those boxes are parameters,
see figure 4.1 and can be geometries like points, curves or surfaces, others can be
integers, booleans or number sliders, boolean toggle and panels. Components like
the number slider are very useful to help with parametrization. With it, we can
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easily change the length of a beam, the number of beams in a structure or the
intensity of a load.

For any of the inputs or outputs, we will have the possibility to add an action.
These actions are the followings:

Principal: will change the input into a principal parameter

Reverse: will reverse the order of a list

Flatten: will flatten all data into a single list

Graft: will graft all data

Simplify: will simplify the data by removing all redundant path elements

Expression: will permit to add an expression trough an expression editor

Q) (@) (0! (@) (O

(a) Point (b) Curve  (c) Surface (d) Integer (e) Boolean

Double click to edit panel
content...

[ siicer | 106 D
(g) Boolean
(f) Number Slider Toggle (h) Panel

Figure 4.1: Parameter Components

4.3 Karamba3D

Karamba3D[66][67] is embedded into Grasshopper. It is a parametric structural
engineering tool using finite elements. It is used to make static and dynamic

analysis of geometries designed using Grasshopper and Rhino. It enables us to
work with beam(1D) and shells (2D).

4.3.1 Getting familiar

To get familiar with Grasshopper and Karamba3D, and make sure that it gives
us the right results, we must start with basic structure that we can easily calculate
by hand. We will therefore start by modeling a set of simple beams.
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Beam

To model a beam with Grasshopper and Karamba3D, we need to define the
spatial elements and the structural elements such as the forces and the supports. For
the spatial elements we must start by constructing two points using the Construct
Point component of Grasshopper see figure 4.2.

X coordinate
i XYz _ |
Y coordinate < Point

Z coordinate

Figure 4.2: Construct Point Component

This component requires 3 inputs 1)X 2)Y 3)Z. One of the Construct Point
component can stay on the default setup (0,0,0). We give the other Construct
Point component a variable X value with a number slider as the X input. We then
use the two points as input of the Line component see figure 4.3. This gives us a
line with a parametric length.

Start Point
/ Line
End Point

Figure 4.3: Line Component

For the rest of the model, to input the structural elements, we have to use
Karamba3D. For a functioning model, we need to input 1) the elements 2) the
support, 3) the loads 4) the cross-section. in the Assemble Model component see
figure 4.4.

( Point
« Elem

Model >

Support oo
Load
Cross section % Mass [kg]
Material
Joint Center of Gravity
Beam set

Load Case Names
Limit distance [m]

Figure 4.4: Assemble Model Component
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We use the Line to Beam component see figure 4.5 and input the line to get an
element as output. The cross-section. can also be inputted in the Line to Beam
component. It is especially useful when we have different types of beams in a
model.

A

Line Element [»

Color
2 Points

Identifier

Cross section Info

Figure 4.5: Line to Beam Component

For the supports, we use the Support component see figure 4.6. In order to have
a beam with a roller support and a pin support, we use the Support component
twice. We use the two initial points as input, to create a support at both end of
the beam. We can for the supports decide to lock or not the 6 degrees of freedom
just by a simple click.

( Pos|ind ¢ Pos|ind <

Plane of reference Q Support

Dofs

Tx Ty Ves Rx Ry Rz
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Plane of reference Q Support

Pos|Ind L
Plane of reference é Support
Dofs

Dofs

Ty Wz Rx Ry Rz ]

Tx
‘O@@OOO

© © ®© © © ©

‘Tx Ty Tz Rx Ry Rz

(a) Pinned Support

(b) Roller Support

(c) Fixed Support

Figure 4.6: Support components

To apply the loads we use the Beam Loads component see figure 4.7. With it, it
is easy to create punctual loads, uniform loads or even trapezoidal loads and others.
There is also a Loads component see figure 4.8 but when using beams, it is easier
to use the one dedicated to it. We will use the Loads component when working
on surfaces or when the loads are due to gravity, temperature or an initial strain.
The required inputs to apply a load on a beam are vector for the force, and the
position of the load. For an uniform load, see figure 4.7a, on the default setup, the
load is applied on the entire beam with t; = 0 and ¢; = 1. For a punctual load, see
figure 4.7b, on the default setup, the load is applied on the middle of the beam. For
the vector used for the force, we will use a Unit X, Unit Y or Unit Z component,
see figure 4.9, linked with a negative or positive number slider, depending on the
direction of the force, to have a parametric force. We will usually use the Unit Z
component.
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Type of Load: Type of Load:

(a) Uniform Load (b) Punctual Load (c) Trapezoidal Load

Figure 4.7: Beam Loads components
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(c) Temperature (d) Initial Strain
(a) Gravity Loads (b) Punctual Loads Loads Loads

Figure 4.8: Loads components
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Figure 4.9: Unit Vectors components
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We have different ways to input a cross section. The first one is to use the Cross
Section component, see figure 4.10a and chose the cross-section. type (eg. I section,
O section, etc) and input all its characteristics. The second way is to use the Cross
Section Range Selector and the Cross Section Selector components, see figures
4.10b and 4.10c.

(b) Cross Section
(a) Cross Section Range Selector (c) Cross Section Selector

Figure 4.10: Cross Section components

We first select a country, a shape and a family of cross-sections. with the
Cross Section Range Selector. We then, using a panel as output, determine the
cross-section we would like to use. Using the Cross Section Selector, we input the
cross-sections given by the Cross Section Range Selector and input the index of
the cross-section we want to use.

Once we have the elements, the supports, and the loads, and cross-sections, we
can input them into the Assemble Model component see figure 4.4. We get as
output: the model, its mass, the center of gravity and the load case’s names.

We then use the model as input in the Analyse, see figure 4.11. It gives us the
calculated model, the maximum displacement, the resulting force of gravity and
the elastic energy change.

Figure 4.11: Analyse component

38



To be able to visualise the model and its results, we use the Model View and
Beam View components.

The Model View, see figure 4.12a, will enable us to see the deformation, the
supports reactions, the loads, the local axis, the joints and their values. It also
gives us tags to have the name of the different elements.

The Beam View, see figure 4.12b, gives us the forces and moments acting in
the sections with graphs to visualise them, the displacement of the beam, the axial
stresses, its utilisation and its cross section.

Model Model

Displacement Direction

Result-Factors ¢ Deformed mesh

Model

Result-Case Deformed axes ] Meshes of rendered beams

Colors
Deformed model )

Element identifiers/Breps

D
D
( Model :“ Deformed beam axes D
Legend colors D

D

Display Scales.
Legend tags

Section Forces

Render Settings

(a) Model View (b) Beam View

Figure 4.12: View components

Analysis of different load cases

In this section, the static behaviour of different load cases of beams will be
analysed. We will verify the internal loads and maximal deflection given by
Karamba3D with hand calculations. The internal loads are the normal force, the
shear force, and the bending moment. A visual representation of internal loads can
be seen on figure 4.13. This will enable us to determine whether Karamba3D is
appropriate for us to use.

Figure 4.13: Internal loads[68]
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Normal Force The normal forces N also called axial forces are the internal forces
in the direction of the axis of the element. It is positive when the element is in
traction and negative in compression. Karamba3D expresses it in kN. It will be
negligible in these load cases as no load will be applied in the axis’ direction.

Shear Force The shear force V are the internal forces transverse to the element.
They are caused by external forces with a component perpendicular to the main
axis. Karamba3D expresses it in kN. The shear force follows the following formula:

dM (x)
dx

V(z) ==+ (4.1)

Bending Moment The bending moment M is the reaction induced by an external
force or moment that causes the element to bend. Karamba3D expresses it in kNm.
At equilibrium, if we take a section of a beam, the bending moment is equal to the
sum of the moments induced by all external forces on one side of this section. This
must apply to both side of the section and the resulting bending moments must be
equal for both sides.

Maximal deflection The deflection v for a beam in flexion can be given by the
Euler-Bernoulli beam theory that gives the following equation:
d*v(z) M(x)

a2 EI (42)

Where E is the young modulus and I is the inertia. This theory is only valid
for small displacement. However, Karamba3D uses the Timoshenko beam theory
which is similar to Euler-Bernoulli, but it takes into account into account shear
deformation and rotational bending effects. Its equation for the deflection goes as
follows:
dPv(z)  M(z) d V() 13)
>~ Bl de'nGA) (4.
With G the shear modulus, s the shear correction factor and A is the area of the
section.
For this analysis, we will use the Euler-Bernoulli equation and neglect the shear
effect on the displacement, the results should however be pretty similar.

o For the first load case in table, we will take a 10 meter long beam with a
uniform vertical load of —1kN/m with a pinned support and a roller support
and an [PE300 cross section. See table 4.1 and figure 4.14.
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For the second load case, we will take a 3 meter long beam with a punctual
vertical load of —2kN applied at the middle of the beam with a pinned
support and a roller support and an RB100 cross section. See table 4.2 and
figure 4.15.

For the third load case, we will take a 20 meter long beam with two punctual
vertical loads of 7TkN applied at 1/3 and 2/3 of the beam with a pinned
support and a roller support and an HEAA200 cross section. See table 4.3
and figure 4.16.

For the fourth load case, we will take a 5 meter long cantilevered beam fixed
on the extremity A and with a 2kN vertical load on point B and with a
HEA200 cross section. See table 4.4 and figure 4.17.

For the fifth load case, we will take a 8 meter long cantilevered beam fixed on
the extremity A and with a —5kN/m uniform vertical load with a HEB100
cross section. See table 4.5 and figure 4.18.

Load Case 1
Data

Length L =10[m]
Load q=—1[kN/m]
Support one pinned and one roller
Cross section IPE300
Inertia I = 83,6 % 105[mm?|
Young Modulus E = 210000[N/mm?]

Results

Formula Karamba3D | Hand calculation

‘/Z,max Vinaz = Va=Vp = % 5[kN] 5[kN]
M, mas Mg = M(£) = % | 125[kNm] | 12,5[kNm]
Max displacement || vyee = v(%) = 3%‘1% 7 | 7,496[mm] | 7,417 [mm]

Table 4.1: Load Case 1
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Figure 4.14: Load Case 1

Load Case 2

Data

Length L = 4[m]
Load Q = 2[kN] at 0,5L
Support one pinned and one roller
Cross section HEM100
Inertia I=11,4%105[mm?]
Young Modulus E = 210000[N/mm?]

Results

Formula Karamba3D | Hand calculation

‘/z,maac Vm(m: = VA = VB = % 1[kN] ]'[kN]
My,mam Mmaa: = M(%) = % 2[kNm] 2[kNm]
Max displacement || vynee = v(%) = % 1,132[mm| | 1,114 [mm)]

Table 4.2: Load Case 2

§
100 i
0
-1.00

200

Figure 4.15: Load Case 2
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Load Case 3

Data

Length L = 20[m)]
Load Q) = 7[kN] at L/3 and 2L/3
Support one pinned and one roller
Cross section HEAA400
Inertia I = 312 % 105[mm?]
Young Modulus E = 210000[N/mm?]

Results

Formula Karamba3D | Hand calculation

‘/;,maz Vinaz = Va=Vp = g + % =Q 7[kN] 7[kN]
My max Mpaw = M (%) = @ 46,67[kNm] | 46,667[kNm]
Max displacement || vy = v(%) = 62;%3[ 30,455[mm] | 30,337[mm]

Table 4.3: Load Case 3

Figure 4.16: Load Case 3
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Load Case 4

Data
Length L = 5[m)|
Load @ =2[kN] at B
Support Fixed in A
Cross section HEA200
Inertia I = 36,9 10%[mm?
Young Modulus E = 210000[N/mm?]
Results
Formula Karamba3D | Hand calculation
‘/z,maac Vinae = Va = Q Q[kN] Q[kN]
My mas Mypaw = My = QL | -10(kNm] | -10[kN]
Max displacement | vy, = v(L) = ?EL; 10,854[mm]| | 10,754[mm]

Table 4.4: Load Case 4

Figure 4.17: Load Case 4

Figure 4.18: Load Case 5
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Load Case 5
Data
Length L = 8[m)|
Load q = —5[kN/m)|
Support Fixed in A
Cross section HEB500
Inertia I = 1070 % 10%[mm?]
Young Modulus E = 210000[N/mm?]
Results
Formula Karamba3D | Hand calculation
V. maz Vinae = Va = qL -40[kN] -40[kN]
My mas Moy = My = 2% | 160[kNm] | -160[kNm]
Max displacement | vynq, = v(L) = 2 | 11,661[mm] | 11,393[mm]

Table 4.5: Load Case 5

As we can see from these analysis, the results for the maximal shear forces and
bending moments are the same in both the hand calculations and the Karamba3D
results. However, the max displacement varies by a small percentage due to the
use of Euler-Bernoulli’s equation instead of Timoschenko’s equation for the hand
calculations, this can be neglected. We can therefore conclude that it seems
reasonable to continue to use Karamba3D for more complex scenarios.

4.4 Ladybug Tools

Ladybug[69] is also embedded into Grasshopper. It performs detailed analysis of
climate data to produce customized, interactive visualizations for environmentally-
informed design. It imports standard EnergyPlus Weather files into Grasshopper.
EnergyPlus Weather[70] (EPW) is a standard weather data format that contains
hourly information like temperature, humidity, wind, solar radiation, and precipi-
tation at different locations around the globe. We can simulate the sun path of
almost any location in the world by importing a epw file of the chosen city from
the ladybug website using the LB Import EPW component, see figure 4.19a. It
gives as output various information about the meteorological data of the location.

The LB Sun Path component, see figure 4.19b, will then allow us to simulate
the sun at any hour of any day of any month by inputting the location from the
LB Import EPW component and hoys (Hours Of Year) from the LB Calculate Hoy
component, see figure 4.20a, or from the LB Analysis Period component, see figure,
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(a) LB Import EPW (b) LB Sun Path
Figure 4.19: LB components
4.20b depending on if we want to analyse a specific time or a period of time. The

default North will be the positive Y direction, but can be modified by inputting a
value between -360 and 360 in the north__ input.

(a) LB Calculate Hoy (b) LB Analysis Period

Figure 4.20: Hoy components
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From the LB Sun Path component outputs, we will use the vectors which are
parallel to each other and perpendicular to a fictive plane representing the sun. We
can then use the Mesh Shadow component of Grasshopper, see figure 4.21, to see
the outline of the shadow of a given geometry using the vectors from the sun path
as input. We then use the Area component, see figure 4.22, to get its area.

Figure 4.21: Mesh Shadow

Area
Geometry m’
Centroid

Figure 4.22: Area

To make sure that we can use the results given by ladybug, we will in tables 4.6
and 4.7 verify by hand the results of a few vertical rectangular surfaces at different
moments of the year using the altitudes and azimuths of the sun given by the Sun
Path component.

Ladybug will allow us to analyse the shaded area produced by our structure
and therefore its efficiency.

Shadow Case 1
Length L = 8[m)|
Height H = 3[m)|
Direction of the surface || parallel to the North to South direction
Location Brussels
Date and time 16" of December at 2PM
Altitude Alt=13,642528]°]
Azimuth Az=199,405552[°]
Grasshopper Area A = 32,854096[m?]
Hand calculated Area | A = W x L sin(360 — Az) = 32,854098[m?

Table 4.6: Shadow Case 1
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Figure 4.23: Shadow Case 1

Shadow Case 2

Length L = 16]m)]

Height H = T[m)|

Direction of the surface || parallel to the East to West direction
Location Brussels

Date and time 21" of June at 5AM

Altitude Alt = 3,41678[°

Azimuth Az = 55, TA6381[]

Grasshopper Area A = 1055, 86[m?]

Hand calculated Area || A= W x L * sin(Az + 90) = 1055, 86[m?

Table 4.7: Shadow Case 2

TEE——

Figure 4.24: Shadow Case 2
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4.5 Wallacei

Wallacei[71][72] is an evolutionary multi-objective optimization engine that allows
to run evolutionary simulations in Grasshopper, by using its main component, the
Wallacei X component, see figure 4.25. Wallacei X employs the NSGA-2 algorithm
as the evolutionary algorithm.

Genes WGenomes
Objectives e Fitness Values
Data Data
Phenotype WPhenotypes

Figure 4.25: Wallacei X Component

In order to understand better how to use Wallacei, we will make several multi-
objective optimizations.

We will start by optimizing an IPE beam, we will then optimize a rectangular
beam with parametric height and width and finally, we will optimize urban canopies.
All of these models will first be optimized in a structural way. We will therefore
minimize the weight of the structure while limiting the maximum displacement to
L/200. We will then add another fitness objective to maximize the shaded area for
a shade analysis.

For all of these different cases, most of the steps to follow are the same, and
similar to what we could do in the previous sections. Mainly the geometry, the
cross-section, and the optimization will differ between the models.

We will start by defining the geometries of the problem. Once the structural
lines and support points are defined, we will input them into the Line to Beam
component and the Support component. We then apply the load caused by the
weight of the structure and the required external loads.

We can now defined the cross-sections: these will be parametric and dependent
on the requirements of the problem.

We then use the Assemble Model component and input all the parameters. The
component will give us the model, but also its mass that we will make sure to keep
into a Number component that we call Mass.

We then input the model into the Analyse parameter for which we can have the
calculated model, and the maximum displacement that we also keep in a Number
component that we call Max displacement.
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We then input the model into the Model View and the Beam View component
to visualise the model but most importantly, we input the mesh of rendered beam
from the Beam View’s outputs to a Mesh parameter that we will call Beam Mesh.

If we want to use the shaded area for the optimization, we will use a similar
method as used in the Ladybug section.

We will start by importing the EPW file of the location of our choice, in our
case Brussels, using the LB Import EPW component. We then use its location
output for the LB Sunpath and input hoys from either from a LB Calculate HOY
component or from LB Analysis Period if we want the shadow from a punctual
time of the day or from a period of time. For the following models, we used the
sun path in Brussels at 10AM on the 21st of July with the north as the positive Y
direction.

We can now input the vectors from the sun path and the Beam Mesh that has
been defined earlier into the Mesh Shadow component. We can also input a plane
parallel to the XY plane with a parametric height to simulate the ground level and
be able to easily modify the height of the structure.

We now use the Boundary Surfaces component to make sure all the outlines
are reconnected into one surface, otherwise, in the case of structures with multiple
beams, when we want to calculate the shaded area, it will tend to calculate the
area of the surfaces created between the shadows and not of the shadows. We will
export the surface into a Mesh component that we call Shadow Mesh and in the
Area component.

If we have used a period of time instead of a punctual time, we can use the
Mass Addition component by first flattening the input, to have the cumulative area
of all the shaded surfaces. We then keep the area or the sum of the areas into a
Number component that we will call Shaded Area.

For the optimization, we have to input the genes and fitness objectives into the
Wallacei X component. The genes will be sliders, in our case, they will be sliders to
select or modify the cross-section or modify beam structure. The fitness objectives
will be the results that we want to minimize.

If we want to maximize one of the objectives, it should be converted to a
minimization by making it negative. If we want to make constraints, we still must
have a fitness objective, but we can use the Ezpression component to adjust it.
To limit the maximum displacement, we can therefore use the following script:
if(r < 555, 1,10) with x the maximum displacement and y the length of the beam.
This will encourage Wallacei to select solutions that respect the limit of maximum
displacement.

We can name the sliders and fitness objectives with names starting with "wlc__

"
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followed by a number to automatically select them by using the "Select all Sliders"
and " Select all Objectives" function when we right click on the Wallacei X compo-
nent. This will automatically rank them in order depending on the chosen number.
It is also better to use the Flatten function to make sure that the objectives stay
in the right order.

In the following cases, will select the fitness objectives among the followings:

o Minimize mass: we input the Mass into a flattened Number component that
we call wlc  1Minimize mass

o Maximize shaded area: we input the shaded area into the Negative compo-
nent and input the result into a flattened Number component that we call
wle  2Maximize shaded area

o Limited displacement: we input the output of the script described above into
a flattened Number component that we call wlc 3Limited displacement

Once we have inputted the genes and objectives into the Wallacei X component,
we can double click on the icon of the Wallacei X component to open a window
with the Wallacei X interface. We have now access to five tabs: Wallacei Settings
see figure 4.26, Wallacei Analytics see figure 4.27, Wallacei Selection see figure 4.28,
Wallacei Forum and the Wallacei Primer.[72]

The Wallacei Settings tab, is used for setting up the simulation before running
it. We have access to a control panel and different graphs and the primary buttons.
The primary buttons are the followings:

e Snap: takes a screenshot of the tab.
o Start: clears any existing data in the solver and start a new simulation.
o Stop: Stops the simulation.

e Reset: Clears any data stored in the solver and resets simulation settings to
the default values.

In the control panel, we have:

» Population: we can modify the population by changing the generation size
(how many individuals per generation) and generation count (how many
generation for the simulation).

o Algorithm Parameters: for these parameters, we kept all the default values.
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Tab 1
Wallacei Settings

ary and Analytic Engine

lacei Settings | Wallacei Analytics Wallacei Selection Wallacei Forum Wallacei Primer

8 Wallacei X | An Evolution:
/allacei

Parallel Coordinate Plot

Standard Deviation Graphs

Control Panel

Figure 4.26: Wallacei Settings[72]
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— Crossover Probability: the percentage of the population that will repro-
duce for the next generation. Between 0.0 and 1.0. Default: 0.9.

— Mutation probability: the percentage mutations taking place in the
generation. Between 0.0 and 1.0. Default: 1/n with n the number of
genes (sliders).

— Crossover and Mutation Distribution Index: a large distribution index
gives a higher probability for creating offspring near parent solutions,
a small distribution index allows distant solutions to be selected as
offspring solutions. Between 0 and 100. Default: 20 for both indexes.

— Random Seed: If 1, it allows to recreate the exact same results every
times for the same optimization problem. If 0, we allow the randomness
and the results won’t be the same between simulations.

 Simulation Parameters: gives the number of genes (sliders), values (slider
values), fitness objectives, and the size of the search space.

e Run Time: gives the current solution and generation of the simulation, the
number of Pareto front solutions that as been found, the time taken per
solution, the estimated remaining time and the simulation run time. The run
time will depend on the population size, the complexity of the model, and
the computational power of the computer.

e Dynamic Graphs Preferences: toggle to allow different graphs to be drawn
while the simulation is running. Those graphs give an indication of the
simulation’s performance.

The different graphs are the followings:

o Standard Deviation Graphs: dynamically draws the standard deviation chart
for each fitness objectives independently. It shows the first generation and
the latest 50 and goes from red (first generation) to blue (last generation).

o Parallel Coordinate Plot: dynamically draws the parallel coordinate plot
for the simulation. It compares the fitness values of each solution across all
fitness objectives and shows the first and latest generation of the simulation
from red to blue. Each solution is displayed as a line going trough the vertical
lines corresponding to the different objectives. The lower the solution line
connects with the objective line, the fitter the solution is for the corresponding
objective.

» Objective Space: dynamically draws the objectives space for each generation
in the simulation. It can display up to 6 dimensions, X, Y, Z, Colour, Size,
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and Transparency. Pareto solutions are represented as Yellow cubes. Once
the simulation is completed, we can choose to draw the objective space of
the entire population or of the latest generation.

The Wallacei Analytics tab is used for analysing the simulation’s results and
cross referencing the different simulation results to one another. On the tab we
can find the following:

Primary buttons:

— Snap: takes a screenshot of the tab.

— Draw: draws the graphs for all solutions. It must be clicked to start
analysing.

— Select: highlight the selected solution in the graphs.
— Add: add the selected solution to the export list of tab 3

Selection: we can select a solution either by inputting the generation and
solution number or by inputting the fitness objective and the solution’s fitness
rank. Then click select.

Selected Solution Information: gives the fitness value and fitness rank of the
selected solution for all fitness objectives.

Diamond Fitness Chart: draws the diamond fitness chart for the selected
solution. Each axis represent a fitness objective. The closer the point is from
the center, the fitter the solution.

Standard Deviation Chart: draws the standard deviation chart for all genera-
tions in the population and for each fitness objectives independently. The
standard deviation represents the distribution of a set of values around the
mean. A low standard deviation factor indicates that most values are clus-
tered around the mean, while a high standard deviation factor indicates
that the values are spread out farther from the mean. It aims to represent
and analyse the levels of variation/convergence for each generation of the
population.

We can also check whether the generations are getting fitter throughout the
simulation. A flat curve represents an increased variation while a narrow
curve represents an increased convergence. A shift to the left indicates a
better mean performance. It plots three standard deviation values on either
side of the mean for each generation.
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o Fitness Value Chart: draws the fitness value chart for all solutions in the
population and for each fitness objective independently. The solutions are
displayed per generation from left to right. Each generation is connected with
polyline and are colored from first (red) to last (blue). It aims to visualise
how solutions are performing in relation to one another, both within each
generation and across the population.

o Standard Deviation Trendline Chart: plots the standard deviation values for
each generation as a line chart (first generation on the left) for each fitness
objective independently. Its aims to highlight specific trends in the variation
and/or convergence of each generation across the population

e Mean Value Trendline Chart: plots the mean fitness value for each gener-
ation as a line chart (first generation on the left) for each fitness objective
independently. It aims to highlight specific trends in the mean fitness value
for each generation across the population.

The Wallacei Selection tab is used for analysing the results of the simulation to
select and export them. We can see the following on the tab:

e Primary Buttons:

— Snap: takes a screenshot.
— Add: adds the selected solution to the export list.
— Clear: clears the solutions from the export list.

— Export: Exports the phenotypes of the solutions added to the export
list.

o The Parallel Coordinate Plot Analysis: it analyses all the solutions in the
population by comparing the fitness values for each solutions across all fitness
objectives. It gives us four methods to do so:

— The most repeated fitness values method gives us the most repeated
fitness values in the population and output the corresponding data.

— The solutions with most repeated fitness values method gives us the
solutions associated with the most repeated fitness values calculated
in the first method. It permits to highlight the frequency of repeated
fitness values across the simulation

— The relative difference between ranks method orders the solutions accord-
ing to the relative difference between the fitness ranks of the different
objectives. The ‘fittest’ solution is the one that has the same rank for
all fitness objectives.
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— The average fitness rank method orders the solutions according to their
mean fitness by calculating the mean fitness rank of each solution’s
fitness objectives. The ‘fittest” solution is the one with the lowest mean
rank.

e The Unsupervised Machine Learning: it clusters solutions generated by the
simulation. It uses two primary clustering algorithms, Kmean Clustering and
Agglomerative Hierarchical Clustering that permits to cluster solutions from
any given generation, the Pareto front of any given generation, or the Pareto
front of the entire population. The clustered solutions can be displayed on
the Parallel Coordinate Plot and on the objective space.

o The Pareto Front Solutions: it displays the Pareto front solutions of either the
final generation or of the entire population. These solutions can be displayed
in the Parallel Coordinate Plot to compare them with the other solutions.

o The Generations: it enables to export complete generations.

The Wallacei Forum tab, gives access to the Wallacei forum which can also be
accessed online

The Wallacei Primer tab, gives access to the Wallacei Primer.[72]

Once we have selected our solutions, we can export them and input in the
Wallacei X component the phenotypes which in our case are Beam Mesh and
Shadow Mesh. In order to visualise the different results, we use the Distribute
to Grid component, see figure 4.29. We input into it the Fitness values and the
phenotypes from the Wallacei X component and it gives us in the rhino interface
the meshes of all the different solutions that have been exported. The structure
meshes will here be displayed in black, and the shadow meshes in grey. We can
also display the objectives value and the genes value in order to help us choose the
final values.

Fitness Values Distributed Fitness Values D

REE Distributed Data
Wallacei Phenotypes

( Size of the grid in the x direction
e of the grid in the y direction

e Distributed Geometries D
o5

~* Distributed Meshes

Figure 4.29: Distribute to Grid
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In the following sections, so that we don’t explain the whole model over and over
again, we will just explain the geometry, the cross-section, the genes, the fitness
objectives, and the analysis.

4.5.1 IPE Beam

For this first model, we will determine the fittest cross-section of a beam through
multi-objective optimization. For the structural optimization, we want to find the
lightest beam from a certain cross-section family to respect the condition for the
maximum displacement of v, < L/200 with L the length of the beam. The beam
will be a horizontal 5 m IPE beam with a 5[kN/m] uniform load and supported
by a pinned and a roller support. For the shade optimization, we will add the
objective to maximize the shaded area created by the beam.

The changes applied to the method described in section 4.5 are the following:

o Geometry: modeling of a line of the required length by using two Construct
Point component and a Line Component. The two points will be used for
the corresponding Support component.

o Cross-section: a Cross Section Range Selector component will be used to
select the IPE cross-section family and output a cross-section list. We then
use a Cross Section Selector with a number slider to select cross-section of
the list. We will call this slider wlc  Cross section selector.

o Genes: the wic_ Cross section selector slider will be the only slider used.

o Fitness objectives: the wlc _1Minimize mass and the wlc_3Limited dis-
placement fitness objectives for the structural optimization. We add the
wlc__2Maximize shaded area fitness objective for the shade optimization.

Structural optimization analysis

Before we launch the simulation, we can already observe in the simulation
parameters of the Wallacei Settings tab that we have 1 gene, 18 values, 2 fitness
objectives and 18 possible solutions in the search space. In this case, the gene is
the cross-section type, the values are the 18 different cross-sections available, and
the search space are these same 18 available cross-sections because there is only
one gene. Because of the small search space, we can have a small population we
therefore choose a generation size of 10 and a generation count of 20 for a total
population of 200 solutions. The simulation lasted for only 1 second the model
being simple and the population small.
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We can quickly observe on the first tab see figure 4.30, that the simulation settled
towards two Pareto solutions. We can see this on the Parallel Coordinate Plot
which only has two blue lines indicating that only two solutions have been kept
for the latest generations. We can also see on the Objective Space that only two
solutions are in a yellow cubes, the yellow cubes indicating the Pareto solutions.
We can also observe on those two graphs that one of the solution is selected because
it is the lightest but has maximum displacement f,,,, > L/200 and that the other
solution is the lightest that respect the displacement constraint. We can therefore
conclude that we will keep the second solution. We will still however analyze the
results on the other tabs.

On tab 2, see figure 4.31, we can observe on the first Standard Deviation graphs
that the curve of the first generation is flat. This is due to its variation of solutions.
This phenomenon is confirmed on the fitness value chart with very different fitness
values for each solutions. We can also see on the four charts that the fitness value
for the minimization of the mass quickly decreases. We can also see that the fitness
values for the minimization of the mass are constrained after the 3rd generation
between the two Pareto solutions. And after the 4th generation, all the solutions
are Pareto solutions. There are less things to note from the charts of the limited
displacement due to the fact that the solutions varies between two values. We can
however still see a shift of the standard deviation chart to the right and an increase
for the trendline charts due to the fact that there are more possible solutions that
respect the constraint than those who don’t. We therefore have more 1 than 10 at
the beginning, however there is later only two possible solutions and we can see
that they are roughly equally represented from the 6th generation onward.

On tab 3, see figure 4.32, we can confirm that there are only two Pareto solutions
for the whole population. We can use the average fitness rank method to add
our solution to the export list and export it. Our solution is a IPE160 beam of
78.9 kg, it can be seen on figure 4.33. We then verify by hand calculation if the
chosen beam is the right one in tab 4.8. We can conclude that IPE160 is indeed
the lightest beam to respect the deflection constraint.
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Beam Optimization verification

Max displacement
Young Modulus

fmax = ﬁ = 25[mm]

E = 210000[N/mm?]

Data
Length L = 5[m)|
Load q = —5[kN/m]
Support one pinned and one roller

Cross section
Weigth per meter

IPE160
p=0,155kN/m

IPE140
p=0,127kN/m

Inertia I =28,69105[mm?*] | I=>5,41%105mm?]
Results
Formula IPE160 IPE140
V. maz Viae = Va = Vg =42 | 12.89[kN] | 12,82[kN]
My ma Mypaw = M(L) = % 16,11[kNm] | 16,02[kNm]
Max displacement || Ve, = v(%) = 358‘1%1 22,98[mm| | 36,72[mm]
Table 4.8: Verification of beam optimization
_—

E]

Figure 4.30: Wallacei Settings for the structural optimization of an IPE beam
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Control Panel

Figure 4.31: Wallacei Analytics

Fitness Values 5D Value Trendiine Mean Value Trendine

for the structural optimization of an IPE beam

I
( P —— Il i )
v -
(=] (Lo | 9

Figure 4.32: Wallacei Selection for the structural optimization of an IPE beam
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Figure 4.33: Result of the structural optimization of an IPE beam

Shade optimization analysis

Before we launch the simulation, we can already observe in the simulation
parameters of the Wallacei Settings tab, see figure 4.35, that we still have 1 gene,
18 values, and 18 values in the search space but we now have 3 fitness objectives.
We use the same population parameters with a generation size of 10 solutions and
a generation count of 20 generations for a total population of 200 solutions. The
simulation lasted for 2 seconds. We can directly observe on the Objective Space
diagram when we draw the entire population that all the solutions are part of the
Pareto front.

We can see on tab 2, see figure 4.36, on the fitness value chart that all the
solutions keep getting selected for the new generations. This is because they are
all Pareto solutions. It’s also the cause of the non convergence of the Mean Value
Trendline plot. We can see on the Standard Deviation charts a flattening of the
curve showing an increase of variation after the first generations.

In order to find the right solution, we will have to take some decisions. Do we
prefer to maximize the shade, minimize the weight while respecting the deflection
constraint or choose a solution in between. We use the Kmeans of tab 3, see figure
4.37, to find the lightest solution and the solution with largest shaded area. For
this we use the Kmeans to cluster the Pareto solutions of the last generation that
respects the deflection constraint. From these results we select the lightest one
and the one with the largest shaded area. If we want to find a good in-between
solutions, we can use the average fitness rank method, the solution with the lowest
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mean rank which is an IPE300 cross-section. We can see these three solutions on
table 4.9 and on figure 4.34.

Solution Mass | Shaded Area
[kg] [m”]
Lightest beam IPE160 | 78.9 0.8
Largest shaded area IPE6G00 | 612.3 2.5
Average of fitness ranks | IPE300 | 211.2 1.4

Table 4.9: Properties of the selected solutions for the shade optimization of an IPE
beam

(c) Best average fitness rank for an IPE
beam

Figure 4.34: Perspective view of the selected solutions for the shade optimization
of an IPE beam
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¥ Wallacei X | An Evolutionary and Analytic Engine | Version 2.7

Wallacei Settings | Wallacei Analytics Wallacei Selection Wallacei Forum Wallacei Primer

Control Panel o] Standard Deviation Graphs o Parallel Coordinate Plot

Population

Generation Size 10

Generation Count 20

Population Size: 200

Algorithm Parameters

Crossover Probability

Mutation Probability

Crossover Distribution Index 20

Mutation Distribution Index 20

Random Seed 1
Simulation Parameters

No. of Genes (liders) 1 (o Fitness Objec

No. of Values (Slider Values) 18

No. of Fitness Objectives 3 Objective Space

Size of Search Space 1.8e1 .

FOL: 1Minimize Draw Entire Population | [ Draw the Latest Generation

RunTime Nuriser of s 0

Current Solution / Generation ~ 9/19

Number of Pareto Front Solutions 10

Eval. Time Per Solution 0:00

Estimated Time Remaining 0:00

Simulation Runtime 002

Dynamic Graphs Preferences

Dynamic Parallel Coordinate Plot
Dynamic Standard Deviation Graph
Dynamic Objective Space

Dynamic Pareto Front Solutions O

: 4
E.E:E

Figure 4.35: Wallacei Settings for the shade optimization of an IPE beam

¥ Wallacei X | An Evolutionary and Analytic Engine | Version 2.7

Wallacei Settings | Wallacei Analytics | Wallacei Selection Wallacei Forum Wallacei Primer

Control Panel e Standard Deviation (SD) Fitness Values SD Value Trendline

Mean Value Trendline

Selected Generation
Selected Solution

[] selected Fitness Objective
Selected Rank

Show/Hide Graphs
Standard Deviation Graphs
Fitness Values Graphs

SD Value Trendline Graphs
Mean Value Trendline Graphs

FO1: 1Mini

)1+ IMinimize nass FO1:1M
Selected Sol 01+ 1Minimize
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FO1: 1Minimize mass.

Fitness Value:  N/A .
Fitness Rank: N/A
FO2: 2Maximize shaded area o
Fitness Value: ~ N/A
Fitness Rank: N/A
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. 703 : Limited displace 03 3Limited displacement 703 : 3Limited displacer
Snap Select Add e

Figure 4.36: Wallacei Analytics for the shade optimization of an IPE beam
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¥ Wallacei X | An Evolutionary and Analytic Engine | Version 2.7

Wallacei Settings Wallacei Analytics | Wallacei Selection | Wallacei Forum Wallacei Primer

[m} PCP Export List Parallel Coordinate Plot

Unsupervised Machine Learning Algorithm

[Show Only Clustering in 3D space] [ Show Only Dendrogram ] [ Show Al ]

| Shew Ganaratinn nn PCD.
AN s
Stop Export 24 ~

Figure 4.37: Wallacei Selection for the shade optimization of an IPE beam

4.5.2 Rectangular beam

For this second model, we will determine the fittest rectangular cross-section
for a beam through multi-objective optimization. For the structural optimization,
we want to find the ideal width and height to have lightest beam that respects
the deflection constraints of f,.. < L/200 with L the length of the beam. We will
apply this to a horizontal 5m rectangular beam with a 5[/kN/m] uniform load and
supported by a pinned and a roller support. For the shade optimization, we will
add the objective to maximize the shaded area created by the beam.

The changes applied to the method described in section 4.5 are the following:

o Geometry: modeling of a line of the required length by using two Construct
Point components and a Line Component. The two points will be used for
corresponding Support component.

o Cross-section: we use the Cross Section component and select a trapezoid
cross-section. We then create two sliders going from 1 to 50 and call them
wlc__Cross Section Height and wlc__Cross Section Width. We then connect
the first to the Height and the second to the Upper and Lower Width input
of the Cross Section component.

o Genes: the wlc_Cross Section Height and the wlc _Cross Section Width
sliders will be the genes.
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o Fitness objectives: the wlc 1Minimize mass and the wlc_3Limited dis-
placement fitness objectives for the structural optimization. We add the
wlc__2Maximize shaded area fitness objective for the shade optimization.

Structural optimization analysis

Before we launch the simulation, we can already observe in the simulation
parameters of the Wallacei Settings tab see figure 4.39 that we have 2 genes, 100
values, 2 fitness objectives and 2500 possible solutions in the search space. The two
genes now represent the width and height of the rectangular beam, with a total of
100 values, 50 possible width and height for each gene. The search space represents
every possible combination of widths and heights.

Due to the bigger search space, we will have to increase the population size in
comparison to the first case. We choose a generation size of 20 individuals and a
generation count of 30 generations. The simulation lasted for 5 seconds. We notice
straight away on the objective space graph that there are only two Pareto solutions
(in yellow cubes) for the model. We can also see them on the Parallel Coordinate
Plot. We deduce that the two Pareto solutions are the lightest possible beam and
the lightest beam that respect the deflection constraint.

We can see on the second tab, see figure 4.40 that the trendline values for the
first objective (mass minimization) quickly converge towards zero. We can also
observe this on the fitness value chart. On the Standard deviation chart, that the
blue curves(latest generations) are narrow and shifting towards the left showing a
convergence and a decrease in the solution values due to the fact that there are
only two solutions close to one another compared to the rest of the solutions. The
red curves (first generations) are however flatter due to a larger range of solutions.
For the second objective (limited displacement), we notice a shift to the right in
the standard deviation chart and an increase in the trendline charts because there
are more solutions that respect the deflection constraint and were therefore chosen
more often but the lightest solution that doesn’t respect the constraint is chosen
more often afterwards.

On the third tab, see figure 4.41, we will use the unsupervised machine learning
tool using the Kmeans on the last generation and separate the solutions into two
clusters. This will separate the two solutions and permit us to select the right one
easily. The first Pareto solution that we have to reject has a height and width of 1
cm. The second Pareto solution, the solution that we keep, has a height of 22 em
and a width of 1 em. The solution can be seen on figure 4.38.
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Figure 4.38: Perspective view of the selected solution for the structural optimization
of an rectangular beam
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Figure 4.39: Wallacei Settings for the structural optimization of a rectangular beam
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Figure 4.40: Wallacei Analytics for the structural optimization of a rectangular
beam
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Figure 4.41: Wallacei Selection for the structural optimization of a rectangular
beam
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Shade optimization analysis

Because we add an objective, the Pareto front gets much larger than for the
structural optimization, we will use a population with a generation size of 50
individuals and 100 generations. The simulation lasted for 3 minutes and 44
seconds. Unlike the first shade optimization with the IPE beam, not all solutions
are part of the Pareto front.

We can see on tab 2, see figure 4.45, a shift to the right for the standard deviation
chart of the first objective (mass minimization) and a shift to the left for the second
(shadow maximization). This is normal because the two objectives are opposites to
one another.

We also notice a slight flattening of the curve in both cases. Meaning an increase
in variation in the solutions, this is due to the fact that the Pareto front is wide
and therefore the solution range in each generation is wide too. We can see for the
same reason that the fitness values are chaotic. The mean mass stabilizes around
3,500 kg and its standard deviation between 3,000 and 3,500 kg. The mean shaded
area stabilizes between -2.4 and -2.2 m? and its standard deviation between 1.1
and 1.2 m?2.

The trenlines for the third objective (deflection), show no sign of convergence
its fitness values however are well structured due to the fact that there are only
two possible values. By using the Kmeans and the average of fitness ranks method
from tab 3, see figure 4.46, we export the Pareto solutions from the last generation
that respect the deflection constraint by creating two clusters, and the solution
with the best average fitness rank from the entire population.

From the exported solutions of figure 4.42, we are selecting three solutions: the
lightest, the largest shaded area and the best average fitness rank. The properties
of these solutions can be seen on table 4.10, and a perspective view can be seen on
figure 4.43.
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Figure 4.42: Top view of the result of the shade optimization of a rectangular beam

Height | Width | Mass | Shaded Area
cm cm kg [m?
Lightest beam {99;14} 7 43 | 1,181 2.33
Largest shaded area {99;1} 50 50 | 9,813 3.85
Average of fitness ranks | {7;41} 7 50 | 1,374 2.69

Solution

Table 4.10: Properties of the selected solutions for the shade optimization of an
rectangular beam
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(a) Lightest rectangular beam  angular beam

(c) Best average fitness rank for a
rectangular beam

Figure 4.43: Perspective view of the selected solutions for the shade optimization
of an rectangular beam
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Figure 4.44: Wallacei Settings for the shade optimization of a rectangular beam
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Figure 4.45: Wallacei Analytics for the shade optimization of a rectangular beam

|8 Wallace: X | An Evolutonary and Anslytic Engine | Verson 2.7 - 8 x
Control Panel [ Clustering Export List Parallel Coordinate Plot
2 cramns B
( ‘Orw Parsll Coondinate ot v criemliz Gen. 7 Indv. 41
o % enemin W| oo
priarer % criomin oot
P
Vonemn M| S,
- Z temn | cnmivan
-, v temin | v
i Sovemn W] o
T
Do % inemn W] o
v onema | cnmives
Kemeans . v 16N Gen. 99 |Indv. 12
o Gag a0 || et [ e
] v c1i6nim Gen 99 | Indv. 34 Unsupervised Machine Learning Algorithm
Er-=— o= Ve cay | S —— I e ! —
E— % criemis Pt
iemn | cnmives
» zonems M| cmmtver
(ClSansntions v ciemlizn Gen.99 I 36
Generation v cicslin Gen.99 I 44
¥ clemne ||| cmmivonse
Number of NullSolutons: v ciswiin Gen.99 | Ind 48
Lo e
cpemie M| ot
coamisll | o
Sl
Sl
Sl
Sl
Sl
cenn
e W | ——
e B (T | ®
Sl
Sl

Figure 4.46: Wallacei Selection for the shade optimization of a rectangular beam
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Chapter 5

Optimization of an urban canopy

Following the analysis done in section 4.5 and using the same modeling method,
we will in this chapter model and optimize urban canopies. We will be optimizing
canopies of various sizes first with a structural optimization then with a shaded
area optimization. For the structural optimization we will minimize the mass of the
canopy while respecting a deflection constraint of L/200. L/200 is the maximum
deflection authorized for a secondary beam[68]. As our structure is not made to be
walked upon, we consider our beams as being secondary beams. For the shaded
area optimization, we will maximize the shaded area produced by the canopy while
minimizing its mass and respecting the deflection constraint. We will call the
shaded area to mass ratio, the efficiency of the canopy. The larger the efficiency,
the better.

5.1 Modelization of an urban canopy

For our urban canopy model, that can be seen on figure 5.1, we have a rectangular
structure of length L. and width W with a pinned support placed on each of the
four corners. The number of support is fixed and we won’t be dimensioning them in
this thesis. We then add M beams in the vertical direction and N beams horizontal
direction following either a diamond pattern or a rectangular pattern. These
beams have an height h and the width w and are tilted of an angle o. All of the
elements will be made out of steel S235. The goal of the optimization will be
to modify specific parameters in order to optimize the canopy structurally or to
maximize its shaded area. These are the parameters that will be modified during
the optimization process:

« Pattern: the canopy has two possible patterns for the disposition of the beams.
The beams can either be disposed in a rectangular grid or in a diamond grid
see figure 5.1.
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(a) Rectangular grid (b) Diamond grid

Figure 5.1: Perspective view of our canopy model

» Beam spacing: if we have a rectangular grid we can modify the number M
and N of beam spacing in the vertical and horizontal directions, see figure
5.2a. If we have a diamond grid, we can modify the number of beam M and
N in the vertical and horizontal directions.

o Cross-section: the beam’s height h and width w can be modified and selected
from the ArcelorMittal cross cross-section catalogue[73] in the flat bars section
see figure 5.6. We made the simplification to allow all combination of width
and thicknesses. See figure 5.3

» Beam angle: the beam can all be inclined by an angle a from 0 to 45°. See
figure 5.3

This results in 6 genes allowing changes in the characteristics of the canopy.

The changes applied to the method described in section 4.5 are explained in
the followings sub-sections.
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Figure 5.2: Top view of our canopy model
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Figure 5.3: Sectional view of our canopy model

5.1.1 Geometry

For the geometry of the canopy, we use the Rectangle component to make a
rectangle of length L and width W and input this rectangle into a Surface parameter.
We want two different patterns for the structure were each direction of beam are
separated into different sets of beams, we will therefore have two different path:

o For the rectangular grid pattern, see figure 5.2a, we will input the previously
defined surface into a Mesh Surface component. We will also input two
sliders that we will call wic3 U Div and wlc4_V Div that will determine the
number of spacing N and M in the horizontal and vertical directions. With
1< N<3Land 1 < M < 3W where L and W are the length and width
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of the rectangle respectively. Meaning that there will be a maximum of one
beam every 33 cm. These sliders will also be used for the second pattern.

We will then use the Mesh Edges component and input the naked edges and
interior edges into a flattened Curve parameter that we will call Rectangular
Structural Lines.

For the support points, we use the Fxplode component on the rectangular
surface which gives us the four segments of the rectangle and input those
segments into the End Points component. We then input the starting points
into a Point component that we call Rectangle Support Points. We also
retrieve the mesh from the Mesh surface that we keep in a Mesh component
that we call Mesh rectangle.

o For the diamond grid pattern, see figure 5.2b, we will use the Diamond Panels
component, see figure 5.4, from a Grasshopper plugin called LunchBox.

Surface

Diamond Panels

U Divisions

“ E . Tri Panels

Figure 5.4: Diamond Panels component

We input into it the rectangular surface and wilc3 U Div and wlc/__V Diw.
It will fill the area with a diamond shape pattern with N and M diagonals
separating the horizontal and vertical directions where N and M are the
values given from wic3 U Div and wlc4__V Div. We input both outputs of
the Diamond Panels component into the Brep Edges component and then
all the naked edges into the Fzaplode component to explode the different
diamond multi-curves. We use the removeDuplicateLines from Karamba3D.
We input and flatten into it the segments to have only unique lines. We input
the resulting lines into a Curve component that we call Diamond Structural
Lines.

For the supports, we can use the support point used in for the rectangular
grid. We retrieve the mesh from the Diamond Panels that we keep in a Mesh
component that we call Mesh diamond.

We now have to define a method to select one of the two pattern types. We
therefore use Entwine components that will flatten and combine a collection of data
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streams. We make sure to input into the branch {0,0} data from the rectangular
grid and in the branch {0,1} data from the diamond grid. We will use two Entwine
component, the first one for the Rectangular Structural Lines and the Diamond
Structural Lines, and the second one for the Mesh rectangle and Mesh diamond.
The supports don’t need to be entwined because they are the same in both cases.

By using the Tree Statistics component, on one of the Entwine outputs, we get
the different paths {0,0} and {0,1}. By using the List Item component, we are
able to select one of the path using a number slider that we call wilc 6Pattern
type index is composed of integer that goes between 0 and 1 because of the two
different patterns. We use 2 Tree Branch component, and using the selected path,
we are able to retrieve the corresponding structural lines and mesh. We input the
structural lines in the Line to Beam component, the support points in a Pinned
Support component.

For the mesh, we input it into the Loads component using the MeshLoad Const
type of load to have a punctual loads uniformly distributed on the entire structure
as can be seen on figure 5.5. We use a load of 1 kN/m? to take into account
eventual loads that could be applied to the structure.

-
-
-
-
-
d
»”
-

Figure 5.5: Load distribution on a canopy
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5.1.2 Cross-section

For the cross-section, see figure 5.3, we create a list with all the widths and a list
with all thicknesses available on the flat bars section ArcelorMittal cross-section
catalogue[73] see figure 5.6. We then use two sliders going from zero to N-1 where N

Masse / Mass / Masse kg/m

Largeur Epaisseur
Width Thickness
Breite Dicka

b 2

EN10025-2: 2004

mm mm

< <

224 47 v
40 495 550 687
565 628 785 942 v

707 785 981 118 137 v
777 864 108 130 154

848 942 118 141 165 188 v
6 918 102 128 153 23,0
989 110 137 165 192 220 247 275 v

118 147 177 206 236
13 126 157 188 220 251 283 314 v
127 181 177 212 247 283 318 353

141 157 196 236 275 314 353 %

170 188 236 283 v
163 184 204 255 306 357 408 453 510 622 Y
198 220 275 330 385 440 495 550 659 ¥
707 ¥

v

88 212 236 35,3 )
101 126 151 176 188 207 226 251 314 377 440 502 565 628 754
107 133 160 187 200 214 240 267 334 400 467 534 601 667 801 ¥
13 141 170 198 212 226 254 283 353 v
126 157 188 220 236 251 283 314 393 471 550 628

259
294

353
412 550 687 824 96,

314 307 471 628 785 942 110 126 v

Figure 5.6: ArcelorMittal flat bars catalog

is the size of each list. We call these slider wlc 1 Width Index and wlc 2Thickness
Index. By using the sliders and List Item components, we will be able to select one
width and one thickness from the lists. We will use the Cross Section component
using a trapezoid type and use the selected width as the height h of the cross-section,
and the selected thickness for the upper and lower width w.

To rotate the cross-sections of an angle o around their x axis, we use the Series
component to create a list with every multiple of five from 0 to 45°. We then create
a slider that we call wlc _5Beam angle index to select one of the angle using the
List Item component. To apply the angle to the beams, we use the Orientate Elem
component, see figure 5.7, after the Line to Beam component.

We will first input in the X-Orientation the position {-1,0,0} that has been
found manually to ensure that the beam of same orientation also have the same
direction and that when applying the angle, the shaded area will be maximized.
Otherwise, some beams would be rotating in opposite directions. We now input
the angle in the Alpha input of the Orientate Elem component.
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Figure 5.7: Orientate Elem component

5.1.3 Shaded area

In order to calculate the shaded area, the LB Analysis Period is now being used
instead of the LB Calculate HOY to maximize the shaded area over a period of
time of the day instead of at a specific time. This will give us more accurate results.
The shadow will be measured on every hours from 12h to 16h on the 21st of July,
the day of the summer’s solstice. The sum of the shadows will be maximized.
However only the 14h shadow will be displayed on the rhino interface.

We will also use the expression round(z/5) in order to have the average shaded
area. Rounding the area, will permit us to decrease significantly the number of
Pareto solutions and limit the mass of the canopy, otherwise, the simulations would
propose canopies with ever increasing mass in order to gain a few ¢m? of shaded
area. Choosing the average shaded area instead of the total shaded area, permits
us to decrease the size of the Pareto front even further.

5.1.4 Stress

In this section, we will have to verify that the structures do not cross the stress
limits of steel S235. To do so, we will calculate the maximal shear stress and normal
stress. The normal stress for a beam subject to bending and compression as seen
on figure 5.8 is calculated by the following formula:

N M, M
Jtot(y7 Z) = :i:z + Ty + Tyz (51)
z y

With N the normal force, A the area of the cross-section, M the bending moment
around the Y and Z axis, I the moment of inertia of the cross section around the Y
and Z axis and y and z are the distance from the neutral axis in the horizontal and
vertical directions at which the normal stress is calculated. We therefore have the
maximal normal stress for:

=

M,
Omaz = 0(y =b/2,2=h/2) = £—

b
—+
A I, 2

My
Y (5 )

N =

80



Figure 5.8: Normal stress of a beam subject to bending and compression[68]

hb*

. . . 3
For our rectangular cross-sections, we have has inertia I, = % and [, = =3

with h the height and b the width of the cross-section.

For the shear stress, we have shear stress due to shear force and shear stress due
to torsion. Shear stress due to shear force for a rectangular section is calculated
with the following formulas:

v, 2,
72) = g1 (g =) (53)
W= 5.4
T(y) = — - )
=o'y Y
Where V, and V,, is the shear force in the Z and Y directions. We find that
2
Temaz = T(2 =0) = 2‘/12% = 3})/; and Ty e = 7(y =0) = ;/Tifracb24 = %

The maximal shear stresses due to torsion on each faces of a rectangular section
is calculated with the following formula:

b 3T

Tzmax = T(Z = 0, Yy = 5) = % (55)
3T

Tymae = T(2 = 255y =0) = (5.6)

2 h2b
Where T is the torsion. It is maximal at the center of the largest face of the
rectangular section. The normal stress is as we can see minimal when the shear
stress due to shear force is maximal and vice versa, see figure 5.9.
In order to verify if the stress induced in the beam structure is higher than the
stress limit of steel S235 we will use the Tresca criteria which goes as follows:

Vo2 44712 < 1f165 (5.7)

Where f, is the rupture limit and is 235 N/mm? for steel 5235 and 1.15 is the
security factor used for steel. In our structure however, the bending moment is
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Figure 5.9: Normal stress and shear stress when bending is applied to a beam|[68]

maximal near the corners of the rectangular section, where the shear force and
torsion are minimal. In addition the normal stress 0,,,. is significantly larger than
the combination of the shear stresses 7,,ax.
Therefore Tresca criteria is maximal a y = % and therefore the maximal stress of
our structure will have to fulfill the following constraint ¢,,,, < lf—f5 = 205N/mm?.
To apply this to our structure, we use the Beam Force component from which we
get normal forces and the bending moments and apply them to the normal stress
formula we found earlier using Expression components, we make sure that we have
all possible combination of + and - signs. We then retrieve the largest absolute
stress value in order to verify if there are risks of rupture in the proposed solutions.

In order to verify if the shear stresses could indeed be neglected, we made an
optimization of our model with the following objectives: limiting the deflection to
L /200, limiting the maximal Normal Stress to 205 N/mm? while maximizing the
shear stress. The two constraints were added because if these constraint are not
respected, the maximal shear stress that we would find would have to be rejected
any way. The solution we found can be seen on figure 5.10. The maximal shear
stress for this canopy is caused by torsion but is significantly smaller than the
normal stress: 7 = 22 < ¢ = 186[N/mm?]. Moreover and as explained earlier,
these stresses are not maximal in the same place. This confirm that we can neglect
the shear stresses.
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Figure 5.10: Top view of the canopy with the maximal shear stress

5.1.5 Genes

The genes for the optimization will be the following sliders:

wlc 1 Width index

wle  2Thickness index
wlc3 U Div

wlc4_ 'V Div
wlc_5Beam angle index

wlc__6Pattern type index

For the structural analysis, we will ignore the wlc_5Beam angle index genes
because a 0° angle will be most favorable in a structural point of view.

5.1.6 Fitness objectives

The fitness objectives for the optimization will be the following:

e wlc 1Minimize mass

e wlc 2Maximize shaded area
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o wlc_3Limited displacement

The second objective is only used for the shade optimizations. For the limited
displacement we had to replace the previously defined Ezpression component by
two Ezpression components.

The first one has for expression: if(x < y/200, —y/5, z) with x the maximum
displacement and y the structure’s maximal length.

The second one as for expression: if(x < y/20,z,y/20) where x is the output
of the first expression and y is the structure’s maximal length.

These two expressions permit to separate more easily the solutions respecting
the constraint from those who do not. It also helps the simulation to find solutions
that respect the constraint when there are only a few of them relatively to the size
of the search space.

5.2 Optimization of an urban canopy

We will start with a structural optimization with canopies of various sizes which
will then be followed by two shade optimizations. For the shade optimizations, we
will first do an optimization with a 5x5m canopy and analyse the evolution of the
simulation depending on the population parameters by varying the generation size
and count. We will then analyse the impact of the dimensions of the canopy on its
different genes.

5.2.1 Structural analysis

In this section, we will do the structural optimization of canopies of 10xbm,
5xbm, 20x2m and 15x10m. We will each time retrieve and present the lightest
solution respecting the deflection constraint.

10x5m

For his simulation we have 5 genes, 94 values, 2 fitness objectives, and a search
space with around 470k possible solutions. For a generation size of 20 individuals
and 50 generations, the simulation lasted for 29 seconds. We can observe on tab 2,
see figure A.2, a convergence of the mass trendlines around the 15th generation
and around the 20th generation for the deflection trendlines.

From tab 3, see figure A.3, we retrieve 1 Pareto solution appearing 4 times that
respects the deflection constraint. The solution is composed of four beams that
have 5 mm of width and 110 mm of height. This results to a weight of 129.5 kg.
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With the normal stress o = 8.9 N/mm?, we are well under the rupture limit of
steel S235. The canopy can be seen on figure 5.11

Figure 5.11: Perspective view of the structural optimization of a 10x5m urban
canopy

5xX5m

For this simulation, we have 5 genes, 79 values, 2 fitness objectives resulting in a
search space of around 230k solutions. The run time was of 26 seconds. We can
observe on tab 2, see figure A.5, a convergence of the mass trendlines around the
5th generation around the 25th generation for the deflection trendlines.

From tab 3, see figure A.6, we retrieve 1 Pareto solution appearing 5 times that
respects the deflection constraint. This solution is composed of 4 rectangular beams
with a width of 5 mm and a height of 40 mm resulting in a structure of 31,4 kg. As
can be expected, smaller dimensions results in smaller elements. With the normal
stress 0 = 19.2 N/mm?, we are well under the rupture limit of steel S235. The
solution can be seen on figure 5.12.

|

Figure 5.12: Perspective view of the structural optimization of a 5x5m urban
canopy
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20x2m

For this simulation we have 5 genes, 115 values, 2 fitness objectives resulting in
a search space of around 380k solutions. The run time was of 34 seconds. We can
observe on tab 2, see figure A.5, a convergence of the mass trendlines around the
10th generation and around the 25th generation for the deflection trendlines.

From tab 3, see figure A.6, we retrieve 1 Pareto solution appearing 4 times that
respects the deflection constraint. The solution is composed of 4 rectangular beams
with a width of 5 mm and a height of 350 mm resulting in a structure of 604,5
kg. With the normal stress o = 0.4 N/mm?, we are well under the rupture limit
of steel S235.

Figure 5.13: Result of the structural optimization of a 20x2m beam structure with
50 generations and 20 individuals per generations

15x10m

For this simulation we have 5 genes, 124 values, 2 fitness objectives resulting in
a search space of around 1.4M solutions. The run time was of 55 seconds. We can
observe on tab 2, see figure A.5, a convergence of the mass trendlines around the
10th generation and around the 25th generation for the deflection trendlines.

From tab 3, see figure A.6, we retrieve 1 Pareto solution appearing 4 times that
respects the deflection constraint. This solution is composed of 5 rectangular beams
with a width of 5 mm and a height of 250 mm resulting in a structure of 667,5 kg.
The diamond grid is now prioritized to make the lightest structure while respecting
the constraint. With the normal stress o = 19.2 N/mm?, we are well under the
rupture limit of steel S235. The solution can be seen on figure 5.14.
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Figure 5.14: Perspective view of the structural optimization of a 15x10m urban
canopy

Conclusion

We can see from this analysis, that when we are only optimizing the structure,
we will always have the simplest structure possible. The Pareto front is in each
cases composed of the lightest canopy and lightest canopy respecting the deflection
constraint. The larger the structure is, the larger the elements are. We also notice
that the larger the area of the structure is, the more time it takes for the simulation
trendline plots to converge.

5.2.2 Shade and population based analysis

For this shade optimization we used a 5x5m canopy to analyse the impact of
the population parameters on the results of the simulation. The simulation of
a bxbm canopy has 6 genes, 89 values, 3 fitness objectives resulting in a search
space of 2.6M solutions. We will analyse five populations of 10,000 individuals by
varying the generation size and the generation count in order to determine which
population characteristics are most adapted for our model. These populations will
be the following: 10-1000, 50-200, 100-100, 200-50 and 1000-10, where the first
number is the generation size and the second number the generation count.

For both of the shade optimizations, we use the Kmeans from the Wallacei
selection tab to separate the entire population’s Pareto front into clusters and
retrieve all solutions respecting the deflection constraint. We also use the average
of fitness ranks method to find the solution with the best average of fitness ranks.
We then discard the solutions that have a shaded area > LAaXIUIL %haded area
and the duplicate solutions to keep their first occurrence. For a 5x5m canopy, the
maximal shaded area is 56 m?, we will therefore keep all canopies with a shaded
area above or equal to 28 m?.
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From these solutions, we then selected 4 canopy types:
o The lightest canopy

o The canopy with the largest shaded area

t shaded area

mass — ratio)

e The canopy with the best efficiency (the bes
e The canopy with the best average of fitness ranks

We represent graphically and numerically all of these solutions. This is to help
the decision maker to choose the right canopy. The decision maker can however
choose a canopy out of our selection depending on his own criteria. We have to
note that a canopy could fit in multiple canopy type. We also disabled the dynamic
graphs of the first tab to reduce significantly the run time.

10-1000

For this first simulation, we will use a generation size of 10 individuals over 1000
generations. The simulation lasted for 2 hours 37 minutes and 50 seconds. We see
on tab 2, see figure A.14, that the mean values and standard deviation vary largely
from a generation to the next. We can however see that these values area generally
limited between boundaries.

From tab 3, see figure A.15, 13 Pareto solutions were found with the cluster 1
(red) that respect the deflection constraint and the minimal shaded area. These
solutions can be seen on figure 5.15. All solutions are below the stress rupture limit
of steel S235. We will use these 13 solutions in the conclusion.

From these solutions, we will retrieve 4 canopies. Their characteristics can be
found in table 5.1, a graphical comparison can be found on figure 5.17 and their
visual representations are on figure 5.16.

Solution X Y Height | Width | Angle | Mass Shadcd Area Eﬂif’,i()n(:y Pattern
- divisions | divisions | [mm] | [mm] [°] [kg] m?] [m?/kg)
Lightest canopy {47;5} 5 9 300 5 40 842 17 0.020 Diamond
Largest shaded area {82;1} 12 13 400 7 30 | 2,967 29 0.010 Rectangular
Best efficiency {41;7} 6 9 300 5 40 872 18 0.021 Diamond
Average of fitness ranks {41:5} 11 13 400 5 40 1,651 27 0.016 Diamond

Table 5.1: Properties of the selected solutions for the 10-1000 optimization of a
H5XdHM canopy
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Figure 5.15: Top view of the results of the 10-1000 optimization of a 5xbm canopy
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Figure 5.16: Perspective view of the selected solutions for the 10-1000 optimization
of a Hxbm canopy
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Figure 5.17: Graphical comparison of the selected solutions for the 10-1000 opti-
mization of a 5xbm canopy
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50-200

For this simulation, we will use a generation size of 50 individuals over 200
generations. The simulation lasted for 2 hours 38 minutes and 9 seconds. As we
can see on tab 2, see figure A.17, a general convergence of the mass and shaded
area trendlines. We observe a convergence of the mean mass around 800 kg and
its standard deviation around 600 kg, and a convergence of the mean shaded area
around -16 m? and its standard deviation around 9 m?. The deflection shows no
sign of convergence. We can see from figure 5.18 that no modification were made to
the part of the Pareto front that respects the deflection constraint after the 158th
generation. We therefore consider the Pareto front to be the true Pareto front or
very close to it.

From tab 3, see figure A.18, 15 Pareto solutions were found in cluster 1 (red)
that respect the deflection constraint and the minimal shaded area. These solutions
can be seen on figure 5.18. All solutions are below the stress rupture limit of steel
S235. We will use these 15 solutions in the conclusion.

From these solutions, we will retrieve 4 canopies. Their characteristics can be
found in table 5.2, they are compared on the graph of figure 5.20 and their visual
representations are on figure 5.19.

. X Y Height | Width | Angle | Mass | Shaded Area | Efficiency
Solution | ,. ~. o : o 9 2 Pattern
divisions | divisions | [mm] | [mm)] [°] [kg] [m?] [m?/kg]
Lightest canopy {129;45} 5 6 300 5 45 695 15 0.022 Diamond
Largest shaded area {139;1} 15 15 400 5 45 | 1,979 29 0.015 | Diamond
Best efficiency {66;11} 6 9 250 5 45 727 16 0.022 Diamond
Average of fitness ranks | {98;3} 5 15 400 5 45 | 1,555 27 0.017 | Diamond

Table 5.2: Properties of the selected solutions for the 50-200 optimization of a
5Xbm canopy
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Figure 5.18: Top view of the results of the 50-200 optimization of a 5xbm canopy
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Figure 5.19: Perspective view of the selected solutions for the 50-200 optimization
of a 5xbm canopy
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Figure 5.20: Graphical comparison of the selected solutions for the 50-200 opti-
mization of a 5xbm canopy
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100-100

For this simulation, we will use a generation size of 100 individuals over 100
generations. The simulation lasted for 2 hours 40 minutes and 35 seconds. We
see on tab 2, see figure A.20 a general convergence of the mass and shaded area
trendlines. We observe a convergence of the mean mass around 1,200 kg and its
standard deviation around 900 kg, and a convergence of the mean shaded area
around -18 m? and its standard deviation around 9 m?. The deflection shows no
sign of convergence.

From tab 3, see figure A.21, 15 Pareto solutions were found with the cluster 1
(red) that respect the deflection constraint and the minimal shaded area. These
solutions can be seen on figure 5.21. All solutions are below the stress rupture limit
of steel S235. We will use these 15 solutions in the conclusion.

From these solutions, we will retrieve 4 canopies. Their characteristics can be
found in table 5.3, they are compared on the graph of figure 5.23 and their visual
representations are on figure 5.22.

Solution X Y Height | Width | Angle | Mass | Shaded Area | Efficiency Pattern
divisions | divisions | [mm] | [mm)] %] (kg [m?] [m?/kg) o
Lightest canopy {80;6} 5 4 350 5 45 715 15 0.021 Diamond
Largest shaded area {14;2} 15 14 400 6 30 | 2,920 29 0.010 Rectangular
Best efficiency {5;55} 7 11 250 5 45 836 18 0.022 Diamond
Average of fitness ranks | {72;0} 11 13 400 5 45 | 1,703 28 0.016 Diamond

Table 5.3: Properties of the selected solutions for the 100-100 optimization of a
5Xbm canopy
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Figure 5.21: Top view of the results of the 100-100 optimization of a 5x5m canopy
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Figure 5.22: Perspective view of the selected solutions for the 100-100 optimization
of a 5xbm canopy
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Figure 5.23: Graphical comparison of the selected solutions for the 100-100 opti-
mization of a 5xbm canopy
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200-50

For this simulation, we will use a generation size of 200 individuals over 50
generations. The simulation lasted for 2 hours 2 minutes and 5 seconds. We
see on tab 2, see figure A.23 a general convergence of the mass and shaded area
trendlines. We observe a convergence of the mean mass around 900 kg and its
standard deviation around 700 kg, and a convergence of the mean shaded area
around -18 m? and its standard deviation around 9 m?. The deflection shows no
sign of convergence.

From tab 3, see figure A.24, 15 Pareto solutions were found with cluster 2 (blue)
that respect the deflection constraint and the minimal shaded area. These solutions
can be seen on figure 5.24. All solutions are below the stress rupture limit of steel
S235. We will use these 15 solutions in the conclusion.

From these solutions, we will retrieve 4 canopies. Their characteristics can be
found in table 5.4, they are compared on the graph of figure 5.26 and their visual
representations are on figure 5.25.

Solution X Y Height | Width | Angle | Mass | Shaded Area | Efficiency Pattern
divisions | divisions | [mm] | [mm)] %] (kg [m?] [m?/kg) o
Lightest canopy {8;128} 6 5 300 5 45 698 15 0.022 Diamond
Largest shaded area {40;4} 12 13 400 7 30 | 2,967 29 0.010 Rectangular
Best efficiency {12;75} 6 9 250 5 45 727 16 0.022 Diamond
Average of fitness ranks | {43;2} 12 13 400 5 45 | 1,703 28 0.016 Diamond

Table 5.4: Properties of the selected solutions for the 200-50 optimization of a
5Xbm canopy
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Figure 5.24: Top view of the results of the 200-50 optimization of a 5xbm canopy



(a) Lightest canopy (b) Largest shaded area

:/-‘ o
,,é-—"_— E:'___,:;-’/

S T e w2

=

(c) Best efficiency (d) Best average of fitness ranks

Figure 5.25: Perspective view of the selected solutions for the 200-50 optimization
of a 5xbm canopy
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Figure 5.26: Graphical comparison of the selected solutions for the 200-50 opti-
mization of a 5xbm canopy
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1000-10

For this simulation, we will use a generation size of 1000 individuals over 10
generations. The simulation lasted for 1 hours 58 minutes and 49 seconds. We see
on tab 2, see figure A.26 with only 10 generation it is impossible to tell if there is a
real convergence in the trendlines.

From tab 3, see figure A.27, 15 Pareto solutions were found with cluster 3 (green)
that respect the deflection constraint and the minimal shaded area. These solutions
can be seen on figure 5.27. Solution {9;201} has to be rejected because its stress is
above rupture limit of steel S235. We will use these 14 solutions in the conclusion.

From these solutions, we retrieve 3 canopies, their characteristics can be found
in table 5.5, they are compared on the graph of figure 5.29 and their visual
representations are on figure 5.28.

Solution X Y Height | Width | Angle | Mass Shaded‘ Area Efﬁf:it%ncy Pattern
divisions | divisions | [mm] | [mm] [°] [kg] [m?] [m?/kg)
Lightest canopy & 1 ¢g.55q1 4 5 350 5 40 | 715 15 0.021 | Diamond
Best efficiency
Largest shaded area {6;151} 14 15 400 6 30 | 2,920 29 0.010 Rectangular
Average of fitness ranks | {9;269} 12 13 400 5 45 | 1,703 28 0.016 Diamond

Table 5.5: Properties of the selected solutions for the 1000-10 optimization of a
5XHm canopy
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Figure 5.27: Top view of the results of the 1000-10 optimization of a 5x5m canopy
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Figure 5.28: Perspective view of the selected solutions for the 1000-10 optimization
of a 5xbm canopy
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Figure 5.29: Graphical comparison of the selected solutions for the 1000-10 opti-
mization of a 5x5m canopy
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Conclusion

For a 5xbm canopy, we have 15 different shaded areas based on the maximal
shaded area of 29 m? and therefore have a minimal shaded area of 15 m?. In order
to see which population parameters suits our canopy model best, we compared
the 5 optimizations results. We have on table 5.6 the 15 available areas and their
corresponding masses for each of the optimization. The data from the table are
represented graphically on figure 5.30. From the table we determine the rank of
each optimization for each of the areas. The optimization with the lightest canopy
for a specific area has therefore a rank of 1 for that area and the heaviest canopy
has a rank 5. We then give an average rank for each optimizations.

As we can see, the optimization 50-200 has the best average rank with a rank
of 1.4, showing that its population parameters are the fittest for the optimization
of our canopy model. It is closely followed by the optimization 200-50 with an
average rank of 1.6. We then have optimizations 100-100, 1000-10, and 10-1000
with average ranks of respectively 2.5, 3.2 and 4.9. These results shows that there
should be a good balance between the generation size and generation count. If
the generation size is too small, the simulation will be able to optimize very few
solution for each generation, if on the other hand there are few generation, the
initial population will be large, but there won’t be enough generations to properly
optimize the solutions through crossovers and mutations.

We can also see that the most significant difference of mass for an area occurs for
the area of 29 m? with almost a tonne of difference between the lightest solution
and the four other solutions. This difference is achieved by selecting a diamond
pattern instead of a rectangular pattern.

We will use the results from this analysis and base the population parameters
of the optimizations of the dimensions and shade based analysis on the 50-200
population parameters. We will also use the four selected canopies from the 50-200
optimization.
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10-1000 | 50-200 | 100-100 | 200-50 | 1000-10
Shaded area Mass Mass Mass Mass Mass
[m?] [kg] [kg] [kg] [kg] [kg]
15 / 695 715 695 715
16 / 727 760 727 770
17 842 791 795 811 /
18 872 829 836 836 870
19 1040 889 921 921 922
20 1068 947 989 947 973
21 1078 1015 1025 1016 1025
22 1289 1079 1105 1079 1135
23 1418 1159 1185 1159 1159
24 1424 1233 1269 1233 1348
25 1438 1341 1335 1335 1438
26 1582 1438 1424 1438 1540
27 1651 1555 1592 1555 1580
28 2543 1757 1703 1703 1703
29 2967 1979 2920 2967 2920
Average rank 4.9 1.4 2.5 1.6 3.2

Table 5.6: Numerical comparison of the canopy solutions from the different opti-
mizations of a 5x5m canopy
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Figure 5.30: Graphical comparison of the canopy solutions from the different
optimizations of a bx5m canopy
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5.2.3 Shade and dimension based analysis

In this section, we will analyse the impact of the dimensions of the canopy on
the simulation and on the resulting solutions. We use the population parameters
50-200 found in the previous analysis. However in some cases the population was
not sufficient, we therefore used a larger generation count.

10x5m

For a 10xbm canopy, the simulation has 6 genes, 104 values, 3 fitness objectives,
and a search space with 4.7M solutions. With a generation size of 50 individuals
and 800 generations resulting in a population of 40,000 individuals. The run time
lasted for 18 hours 25 minutes and 59 seconds. We see on tab 2, see figure A.29, a
general convergence for the mean values between 2,000 and 3,000 kg for the mass,
between -30 and -40 m? for the shaded area. For the standard deviation, the values
converged around 2,000 kg for the mass, 18 m? for the shaded area. Only the last
objective shows no real sign of convergence. We can however see from figure 5.31
that no modification were made to the part of the Pareto front that respects the
deflection constraint after the 652th generation. We therefore consider the Pareto
front to be the true Pareto front or very close to it.

From tab 3, see figure A.30, 15 Pareto solutions were found from cluster 2 in
blue that respect the deflection constraint and the minimal shaded area. These
solutions can be seen on figure 5.31. All solutions respect the stress rupture limit
of steel S235.

We retrieve 4 canopies. Their characteristics can be found in table 5.7, they are
compared on the graph of figure 5.33 and their visual representations are on figure
5.32.

Solution X Y Height | Width | Angle | Mass Shadcq Area Efﬁpicncy Pattern
divisions | divisions | [mm] | [mm)] [°] [kg] [m?] [m?/kg]
Lightest canopy {308;47} 9 8 400 5 30 | 1,912 36 0.019 Diamond
Largest shaded area {71;2} 26 14 400 8 30 | 7,159 56 0.008 Rectangular
Best efficiency {78;6} 7 10 400 5 35 | 2,134 41 0.019 Diamond
Average of fitness ranks | {46;14} 18 15 400 5 40 | 3,217 53 0.016 Diamond

Table 5.7: Properties of the selected solutions for the optimization of a 10xbm
canopy
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Figure 5.31: Top view of the results of the optimization of a 10x5m canopy
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(c) Best efficiency (d) Best average of fitness ranks

Figure 5.32: Perspective view of the selected solutions for the optimization of a
10x5m canopy
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Figure 5.33: Graphical comparison of the selected solutions for the 50-800 opti-
mization of a 10x5m canopy
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20x2m

For a 20x2m canopy, the simulation has 6 genes, 129 values, 3 fitness objectives
resulting in a search space of 3.8M solutions. For a population of 40,000 individuals
with a generation size of 50 individuals and 800 generations. The run time is of 10
hour 46 minutes and 36 seconds. As we can see on figure A.32, trendlines of the
two first objective stabilized between 8,000 and 12,000 kg for the average mass and
its standard deviation, and between -35 an-30 m? for the mean shaded area and
around 16 m? for its standard deviation. We still don’t see stabilization for the
third objective. We can see from figure 5.34 that a new modification was made to
the part of the Pareto front that respects the deflection constraint on generation the
796th generation. Nevertheless, the previous modification occurred on generation
461, we therefore consider the Pareto front to be very close to the true Pareto front.

From tab 3, see figure A.33, 15 Pareto solutions were found in cluster 3 (green)
that respect the deflection constraint and the minimal shaded area. These solutions
can be seen on figure 5.34. All of the solutions respect the stress rupture limit of
steel S235.

We retrieve 3 canopies. Their characteristics can be found in table 5.8, they are
compared on the graph of figure 5.36 and their visual representations are on figure
5.35.

Solutio X Y Height | Width | Angle | Mass | Shaded Area | Efficiency Patte
OMMON T Jivisions | divisions [mm] | [mm] [°] [kg] [m? [m?/kg] attern
Lightest canopy & . - aneular
best efficiency {87;33} 1 5 400 5 0 1,947 27 0.014 Rectangular
Largest shaded area {178;0} 8 6 400 60 25 | 29,767 49 0.02 Rectangular
Average of fitness ranks | {70;1} 1 6 400 5 0 2,261 31 0.014 Rectangular

Table 5.8: Properties of the selected solutions for the optimization of a 20x2m
canopy
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Figure 5.34: Top view of the results of the optimization of a 20x2m canopy

109



(a) Lightest canopy and best effi-
ciency (b) Largest shaded area

(c) Best average of fitness ranks

Figure 5.35: Perspective view of the selected solutions for the optimization of a
20x2m canopy
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Figure 5.36: Graphical comparison of the selected solutions for the optimization of
a 20x2m canopy
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For the following canopy simulations, the solutions proposed were all exceeding the
rupture stress limit of steel S235. For this reason, we had to add a fourth fitness ob-
jective. This fitness objective is to limit the stress to 235/1.15 N/mm?. We therefore
use two Fxpression components where we input the maximal stress and the following
expressions: ¢ f(z < 204, —1000, z) followed by i f(z < 1000, x,1000). In order to fa-
cilitate the selection for the solution respecting the stress and deflection constraints,
we rename the fitness objectives wic_ 4 Minimize mass, wlc__1Maximize shaded area,
wlc__2Limited displacement and name the new fitness objective wilc_3Limited stress.
This will permit us to have the two constrained objectives in the 3D space for the
clustering and visualize the acceptable solutions easily.

10x10m

For a 10x10m canopy, the simulation has 6 genes, 119 values, 4 fitness objectives
resulting in a search space of 9.4M solutions. For a population 10,000 individuals
with a generation size of 50 individuals and 200 generations. The run time is
of 6 hour 41 minutes and 31 seconds. As we can see on figure A.35, trendlines
stabilized between 20,000 and 30,000 kg for the average mass, around 25,000 kg
for its standard deviation, around -70 m? for the mean shaded area and around
35 m? for its standard deviation. We can now observe a stabilization of the mean
displacement between -50 and -100 and around 110 for its standard deviation.
However there is yet no stabilization for the limited stress. We can see from figure
5.37 that no modification were made to the part of the Pareto front that respects
the deflection constraint after the 124th generation. We therefore consider the
Pareto front to be the true Pareto front or very close to it.

From tab 3, see figure A.36, 7 Pareto solutions were found in cluster 11 (brown)
that respect the deflection and stress constraints and the minimal shaded area.
These solutions can be seen on figure 5.37. All of these solutions respect the stress
rupture limit of steel S235.

However, we notice from those solutions that the maximal shaded area is of 107
m? while the maximal shaded area for such a canopy should be of 109 m?2. This
shows that the constraints prevent the canopy to achieve its maximal shaded area.

We retrieve 3 canopies. Their characteristics can be found in table 5.9, they are
compared on the graph of figure 5.39 and their visual representations are on figure
5.38.
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Figure 5.37: Top view of the results of the optimization of a 10x10m canopy

Solution X Y Height | Width | Angle | Mass Shaded Area Efﬁfziency Pattern
divisions | divisions | [mm] | [mm] [ [kg] [m?] [m?/kg]
Lightest canopy & {13;2} 29 28 400 6 10 | 8348 86 0.010 Diamond
best efficiency
Largest shaded area {52;8} 30 29 400 25 45 | 35,894 107 0.003 Rectangular
Average of fitness ranks | {123;34} 28 26 400 10 30 13,254 100 0.008 Diamond

Table 5.9: Properties of the selected solutions for the optimization of a 10x10m

canopy
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(a) Lightest canopy and best effi-
ciency (b) Largest shaded area

(c) Best average of fitness ranks

Figure 5.38: Perspective view of the selected solutions for the optimization of a
10x10m canopy
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Figure 5.39: Graphical comparison of the selected solutions for the optimization of
a 10x10m canopy
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15x10m

For a 15x10m canopy, the simulation has 6 genes, 134 values, 4 fitness objectives
resulting in a search space of 14M solutions. For generation size of 50 individuals
and 400 generations resulting in a population of 20,000 individuals. The run time
is of 28 hour 44 minutes and 12 seconds.

As we can see on figure A.38, trendlines stabilized around 60,000 kg for the
average mass and and around 50,000 for its standard deviation, around -100 m?
for the mean shaded area and between 50 m? for its standard deviation. We can’t
observe a stabilization of the mean displacement, however its standard deviation
stabilized at 150. However there is yet no stabilization for the limited stress.

We can see from figure 5.37 that no modification were made to the part of the
Pareto front that respects the deflection constraint after the 259th generation. We
therefore consider the Pareto front to be the true Pareto front or very close to it.

From tab 3, see figure A.39, 11 Pareto solutions were found in cluster 1 (red)
that respect the deflection and stress constraints and the minimal shaded area.
These solutions can be seen on figure 5.40. All these solutions respect the stress
rupture limit of steel S235.

However, we notice from those solutions that the maximal shaded area is of 133
m? while the maximal shaded area for such a canopy should be if 160 m?. This
shows that the constraints prevent the canopy to achieve its maximal shaded area.

We retrieve 3 canopies. Their characteristics can be found in table 5.10, they

are compared on the graph of figure 5.42 and their visual representations are on
figure 5.41.

Solution X Y Height | Width | Angle | Mass Shadcd{ Area Efﬁf’,icncy Pattern
’ divisions | divisions | [mm] | [mm] %] (kg [m?] [m?/kg] o
Lightest canopy {40;38} 14 19 400 16 0 18,465 71 0.004 Diamond
Largest shaded area {229;2} 31 29 400 60 10 | 110,055 133 0.001 Diamond
Average of fitness ranks | gy oy | oy 29 100 | 14 0 | 24038 98 0.004 | Diamond
& best efficiency

Table 5.10: Properties of the selected solutions for the optimization of a 15x10m
canopy
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Figure 5.40: Top view of the results of the optimization of a 15x10m canopy
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Figure 5.41: Perspective view of the selected solutions for the optimization of a
15x10m canopy
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Figure 5.42: Graphical comparison of the selected solutions for the optimization of
a 15x10m canopy
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Conclusion

From these simulation we noticed that, when the area of the canopy increases:
» the search space increases
e the run time increases
o the stress and deflection increases

 the efficiency of the canopy decreases. When canopies are too large, the
maximal stress and deflection get too big for the most efficient solutions to
respect the constraint. The elements have to become larger with smaller
inclination.

We notice that the diamond grid is most often preferred over the rectangular
grid. The exception to this is for elongated canopies like the 20x2m canopy where
the rectangular grid is always preferred or for the maximal shaded areas of some
canopies. We also found that the most efficient solution is always very close or
equal to the lightest solutions.

In order to minimize the mass and maximize the shaded area, the beam’s height
is most often at its maximal value of 400 mm and the width at its minimal value
of 5 mm. The height can be smaller when we choose lighter solutions and the
constraints permits it. The width can be larger when maximizing the shaded area
and in order to respect the deflection and stress constraints.

The inclination angle is quickly limited by the stress and deflection constraints.
This is often the cause of wider beams. The angle tends however to be as large as
possible in order to maximize the shaded area if the constraints allows it without
adding to much weight to the structure.

For the number of divisions, we note that when selecting the best average of
fitness ranks, the number of divisions in the direction of the smallest side tends to
be close to maximal. For the largest shaded area it is also true in both directions.

Because the efficiency of the canopies decreases the larger they get, we could
combine multiple smaller canopies to create a larger one. With the canopies that
we optimized:

117



If instead of a 10x5m canopy we use two 5x5m canopies:

for the lightest canopy, the mass would decrease by 27% while the shaded
area would decrease by 17% and the efficiency would increase by 16%.

for the canopy with the largest shaded area, the mass would decrease by 45%
while the shaded area would increase by 4% and the efficiency would increase
by 88%.

for the canopy with the best efficiency, the mass would decrease by 32% while
the shaded area would decreased by 22% and the efficiency would increase by
16%.

for the canopy with the best average of fitness ranks, the mass would decrease
by 3% while the shaded area would increase by 2% and the efficiency would
increase by 6%.

If instead of a 10x10m canopy we used two 10x5m canopies:

for the lightest canopy, the mass would decrease by 54% while the shaded
area would decreased by 16% and the efficiency would increase by 90%.

for the canopy with the largest shaded area, the mass would decrease by 60%
while the shaded area would increase by 5% and the efficiency would increase
by 167%.

for the canopy with the best efficiency, the mass would decrease by 49% while
the shaded area would decrease by 5% and the efficiency would increase by
90%.

for the canopy with the best average of fitness ranks, the mass would decrease
by 51% while the shaded area would increase by 6% and the efficiency would
increase by 100%.

If instead of a 15x10m canopy we used three 10x5m canopies:

for the lightest canopy, the mass would decrease by 69% while the shaded
area would increase by 52% and the efficiency would increase by 375%.

for the canopy with the largest shaded area, the mass would decrease by
80% while the shaded area would increase by 26% and the efficiency would
increase by 700%.
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o for the canopy with the best efficiency, the mass would decrease by 73% while
the shaded area would increase by 26% and the efficiency would increase by
375%.

 for the canopy with the best average of fitness ranks, the mass would decrease
by 60% while the shaded area would increase by 62% and the efficiency would
increase by 300%.

As we can see, combining canopies always results in an increase of efficiency.
We get either lighter canopies producing larger shaded areas or lighter canopies
with slightly smaller shaded areas.

The most significant gain in efficiency can always be observed when selecting the
canopies with the largest shaded areas. The more canopies we combine the more
efficient it gets. This is especially true for the canopies of 10x10m and 15x10m.
Indeed, in those cases we can’t use efficient genes otherwise the stress and deflection
would be getting too important, therefore there is a great decrease of efficiency for
larger canopies.

However, combining small canopies is not adapted to every environment, if it
gets too small, it could become uncomfortable for the users. There could also be
constraints for the location of the supports.
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Chapter 6

Conclusion

This thesis has explored the concept of urban canopies as a structural solution
to mitigate the heat island effect in cities by using multi-objective optimization.
The city surfaces retain less heat thanks to the shade produced by urban canopies
thus cooling down the city.

We started by defining the concept of urban canopy by researching remarkable
examples of urban canopies in the world. We continued with a state of the art
on multi-objective optimization and the different types of algorithms. We decided
to use the multi-objective genetic algorithm NSGA-II for our optimization. We
had to get familiar with Rhinoceros3D, Grasshopper, Karamba3D, Ladybug, and
Wallacei that were necessary to model our canopy and optimize it.

Modelization

For our model, we opted for a rectangular steel canopy with beams placed either
in a rectangular grid pattern or a diamond grid pattern as can be seen on figure 6.1.
The parameters that can be changed are the type of pattern, the beam spacing in
the horizontal and vertical direction, the beam’s heights and widths, and finally
the inclination angle of the beams.

This model as the advantage to propose a light canopy that is not subject to
the wind thanks to its aerated openings.

Optimization

We did three kind of optimizations: a structural optimization and two shade
optimizations.
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(a) Rectangular grid (b) Diamond grid

Figure 6.1: Perspective view of our canopy model

For the structural optimization, we minimized the mass of the canopy while
respecting a deflection constraint of L/200. For the two shade optimizations we
added an objective to maximize the shaded area produced by the canopy.

Structural optimization We structurally optimized canopies of different di-
mensions. The optimizations for the different canopy sizes resulted in the simplest
canopies possible, the lightest canopies respecting the deflection constraint. The
larger the canopy got, the larger the elements were.

Population based shade optimization We ran multiple optimization for a
5xbm canopy by changing the population parameters. All optimizations had a
population of 10,000 individuals with the following generation size and counts:
10-1000, 50-200, 100-100, 200-50, and 1000-10. We then compared the resulting
shaded areas and their corresponding weights. For each shaded area, we gave ranks
from 1 to 5 to each optimization, 1 corresponding to the lightest solution. The
population parameters 50-200 had the best average rank and had therefore the
fittest generation size and count combination. It allows a sufficient initial population
that is optimized by crossovers and mutation along sufficient generations. We used
these parameters for the dimension based shade optimization. However, in some
cases, the generation count was increased for better results.

Dimension based shade optimization We ran multiple optimization with
canopies that have the following dimensions: 5xbm, 10x5m, 20x2m, 10x10m, and
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15x10m. From these optimizations, we noted that:

o When the area of the canopy gets larger, the efficiency of the canopy decreases
and the maximal deflection and stress increase.

o The diamond pattern is generally preferred over the rectangular pattern. We
noted two exceptions to this statement, for elongated canopies like a canopy
of 20x2m, the rectangular pattern is always chosen, and to achieve the largest
shaded area of some canopies, the rectangular pattern is also chosen.

o Combining smaller canopies into a larger one, always result in significant
gain in efficiency. This can result in lighter canopies producing larger shaded
area or lighter canopies producing slightly smaller shaded areas. The largest
increase can be observed when we select the canopies with the largest shaded
area. We observed that the efficiency is increased by 700% when we combine
three 10x5m canopies instead of a 15x10m canopy.

o When the constraints allows it, the beam’s height and angle tend to have
the maximal value of 400 mm and 45° and the beam’s width tends to have
the minimal value of 5 mm. The beam’s height can be smaller if we select
the lighter solutions. The beam’s width is sometimes larger to maximize the
shaded area and to respect the constraint.

6.1 Encountered difficulties & further develop-
ments

Modification to the model The simulations had to be redone many times due
to issues encountered. An earlier model could incline the beams of 45° in both
directions and have beams of different orientations to be inclined by the same angle
or by opposite angles. We however simplified the model by making sure that all
beam were oriented from the start so that when they were tilted from 0 to 45°,
the shaded area would directly be maximized. This greatly reduced the size of
the search space. However we later noticed that the point we chose to for the
X-Orientation of the Orientate Elem component was faulty in some specific case.
We therefore add to relaunch all the simulations with a better adapted point.

We also had to round the shaded area, because the mass of the canopy was ever
increasing to add less than 1 m? of shaded area making the canopy three to four
time heavier than necessary. We later went from using the total shaded area to the
average shaded area in order to have less solutions in the Pareto front.
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Computational power To be able to use Wallacei, I had to create a Windows
partition on my mac. This resulted in a low computational power. With a more
adapted computer, the optimization would be much quicker. We could therefore
analyse even larger population in order to be 100% sure to have the true Pareto
front.

Wallacei The issue with Wallacei was that it is not yet possible to set real
constraint nor to add weight to an objective. Therefore, most of the solutions
found were not respecting the constraints and Wallacei kept exploring inadequate
solutions. If we were able to add weight to the constraint objective or even add
a real constraint, it would greatly shorten the run time of the optimization and
require smaller populations to find the true Pareto front. It would therefore be
best to find a multi-objective optimization plugin that takes constraint or at least
weight of objectives into account.

Shape variation The canopy should be able to have a wide range of possible
shape in order to adapt best to its environment.

Supports A next model should be able to take the supports into account and
add them at the required location. This would enable us to make canopies of any
size with a maximum of efficiency. With this we would be sure not to have any
issues of constraint or deflection.
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Appendix A

A.1 Structural analysis

10x5

¥ Wallacei X | An Evolutionary and Analytic Engine | Version 2.7

Wallacei Settings | Wallacei Analytics Wallacei Selection Wallacei Forum Wallacei Primer

Parallel Coordinate Plot

Control Panel ~ Standard Deviation Graphs
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Generation Size 20
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Crossover Distribution Index 20
Mutation Distribution Index 20
Random Seed 1
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RunTime

Current Solution / Generation 19/49
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Figure A.1: Wallacei Settings for the structural optimization of a 10x5m canopy
with 50 generations and 20 individuals per generations
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Selected Solution
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Selected Solution Information

FO1: 1Minimize mass
Fitness Value: N/A
Fitness Rank: N/A

FO2: 3 Limited displacement
Fitness Value:  N/A
Fitness Rank: N/A

Figure A.2: Wallacei Analytics for the structural optimization of a 10x5m canopy
with 50 generations and 20 individuals per generations

¥ Wallacei X | An Evolutionary and Analytic Engine | Version 2.7 - x
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Figure A.3: Wallacei Selection for the structural optimization of a 10x5m canopy
with 50 generations and 20 individuals per generations
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5xX5m

&8 Wallacei X | An Evolutionary and Analytic Engine | Version 2.7

Wallacei Settings | Wallacei Analytics Wallacei Selection Wallacei Forum Wallacei Primer

Control Panel ~ Standard Deviation Graphs Parallel Coordinate Plot
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Figure A.4: Wallacei Settings for the structural optimization of a 5xbm canopy
with 50 generations and 0 individuals per generations

¥ Wallacei X | An Evolutionary and Analytic Engine | Version 2.7
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Figure A.5: Wallacei Analytics for the structural optimization of a 5x5hm canopy
with 50 generations and 20 individuals per generations
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Figure A.6: Wallacei Selection for the structural optimization of a 5x5m canopy
with 50 generations and 20 individuals per generations

15x10m
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Figure A.7: Wallacei Settings for the structural optimization of a 15x10m canopy
with 50 generations and 20 individuals per generations
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Figure A.8: Wallacei Analytics for the structural optimization of a 15x10m canopy
with 50 generations and 20 individuals per generations
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Figure A.9: Wallacei Selection for the structural optimization of a 15x10m canopy
with 50 generations and 20 individuals per generations



20x2m
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Figure A.10: Wallacei Settings for the structural optimization of a 20x2m canopy
with 50 generations and 20 individuals per generations
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Figure A.11: Wallacei Analytics for the structural optimization of a 20x2m canopy
with 50 generations and 20 individuals per generations
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Figure A.12: Wallacei Selection for the structural optimization of a 20x2m canopy
with 50 generations and 20 individuals per generations

A.2 Shade and population based analysis
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Figure A.13: Wallacei Settings for the shade optimization of a 5x5m canopy with

50 generations and 20 individuals per generations
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Figure A.14: Wallacei Analytics for the shade optimization of a 5xbm canopy with

50 generations and 20 individuals per generations
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Figure A.15: Wallacei Selection for the shade optimization of a 5x5m canopy with
50 generations and 20 individuals per generations
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Figure A.16: Wallacei Settings for the shade optimization of a 5x5hm canopy with
200 generations and 50 individuals per generations
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Figure A.17: Wallacei Analytics for the shade optimization of a 5x5m canopy with
200 generations and 50 individuals per generations
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Figure A.18: Wallacei Selection for the shade optimization of a 5x5m canopy with
200 generations and 50 individuals per generations
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Figure A.19: Wallacei Settings for the shade optimization of a 5x5hm canopy with
20 generations and 50 individuals per generations
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Figure A.20: Wallacei Analytics for the shade optimization of a 5x5m canopy with
20 generations and 50 individuals per generations
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Figure A.22: Wallacei Settings for the shade optimization of a 5x5hm canopy with

10 generations and 100 individuals per generations
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Figure A.23: Wallacei Analytics for the shade optimization of a 5x5m canopy with
10 generations and 100 individuals per generations

¥ Wallacei X | An Evolutionary and Analytic Engine | Version 2.7 -

Wallacei Settings Wallacei Analytics | Wallacei Selection | Wallacei Forum  Wllacei Primer

Control Panel [J  Clustering Export List Parallel Coordinate Plot
A ¥ oc2le30)in A
Draw Parallel Coordinate Plot ] v
- N " c2l631lings Gen. 43| Indv. 2
[] Parallel Coordinate Plot (PCP) Settings v C2|G33]i182
Analysis Method v c2/635]i185
Average of Fitness Ranks v c2|G3s|i1a1
Fitness Objective v c21637line
v c2|639]i135
Select Ranking 0 v ca|Gallitez
Analysis Results v C2(G44]i2
Fitness Criteria: v c2|G4s|i187
Fitness Value: v c2iGi6]i1a1
Number of Repititions: vl c21619)is
( Run PCP Analysis v C2|G20]i46
Unsupervised Machine Learning v c2las]iteo Unsupervised Machine Learning Algorithm
Kmeans . v Cc2|G30]i8a
v c2l632]is [Show Only Clustering in 3D space] [ Show Only Dendrogram ] [ Show All
Generation to Cluster v c21636i7
Number of Clusters |2 v c2lem|itee
Pareto Front Gen.[[] Al v c2|G4a2]iss
Crasz | c2s0
( ] ) v C2|G16i156
Run PcP
SHOW NS v c2|643)i2
[ Pareto Front Sol All v C2|G44]i6
v C2(G4sig3
( Show Pareto Front on PCP ) v c2|G11]i86
Oe i v c2i621)i1
Generation vicaicalies
[ L | ¥ calemie
v c2len2|ia
v c2|Gis|i182
v c2|Gislis2 —_— ,
v c2|G27|i177 <
Snay Add Clear Export Stop Export -
' . . n v caledns — b 4
v c2i6a]i9
v calGialil v

Figure A.24: Wallacei Selection for the shade optimization of a 5x5m canopy with
10 generations and 100 individuals per generations
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Figure A.25: Wallacei Settings for the shade optimization of a 5x5hm canopy with
100 generations and 10 individuals per generations
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Figure A.26: Wallacei Analytics for the shade optimization of a 5xbm canopy with
100 generations and 10 individuals per generations
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Figure A.27: Wallacei Selection for the shade optimization of a 5x5m canopy with
100 generations and 10 individuals per generations
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Figure A.28: Wallacei Settings for the shade optimization of a 10x5m canopy with

200 generations and 50 individuals per generations
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Figure A.29: Wallacei Analytics for the shade optimization of a 10xbm canopy

with 200 generations and 50 individuals per generations
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Figure A.31: Wallacei
800 generations and 50 individuals per generations
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Figure A.32: Wallacei Analytics for the shade optimization of a 20x2m canopy
with 800 generations and 50 individuals per generations

¥ Wallacei X | An Evolutionary and Analytic Engine | Version 2.7 - x

Wallacei Settings Wallacei Analytics | Wallacei Selection | Wallacei Forum Wallacei Primer

Control Panel [] Clustering Export List Parallel Coordinate Plot
V] c3|G393]i4
Draw Parallel Coordinate Plot
- " v 316397116 Gen. 70 | Indv. 1
[] Parallel Coordinate Plot (PCP) Settings v C3]G3%8]i2
Analysis Method v C31G409]i19
Average of Fitness Ranks v C3|G413]i35
Fitness Objective v c3|Gad]i2
v C3]G493|i3
Select Ranking 0 v c3les7)it
Analysis Results v C3|Gs520]i4
Fitness Criteria: v c31652(i23
Fitness Value: v c36sslin
Number of Repititions: v C3|Gs3|in
( Run PCP Analysis Vv C3]G534i%2
[v] Unsupervised Machine Learning v C31G539]i32 Unsupervised Machine Learning Algorithm
Kmeans . v c3|Gsaglin
v C3]G552]i45 [Show Only Clustering in 3D space} [ Show Only Dendrogram ] | Show All
Generation to Cluster v C3]G555]i35
Number of Clusters |3 ¥ c3jeseoliz
Pareto Front Gen.[] Al v C3|G561|i4
Cra | 21562 | 2479
P v C3|Gses|iaT
on [ Srowanrer )
b )L e v C3|Gs68]i16
[_] Pareto Front Solutions All ¥ C3|G573]i32
v c3|Gs76|i2z
( Show Pareto Front on PCP ) Vv C3|G577i5
["]Generations v c3lGsealias
Generation VI cajesoli2
( v c3jGsain
Showe v c3lGseli2
v c3jGe0]in2
Vv C3|G6o1]i13 — ’
v C3|Geo1|ise Stop Export Py
v c3lG614]i32
v C3]G616]117
v C3]G616]i32

Figure A.33: Wallacei Selection for the shade optimization of a 20x2m canopy with
800 generations and 50 individuals per generations
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Figure A.34: Wallacei Settings for the shade optimization of a 10x10m canopy with
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Figure A.35: Wallacei Analytics for the shade optimization of a 10x10m canopy

with 200 generations and 50 individuals per generations
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Figure A.36: Wallacei Selection for the shade optimization of a 10x10m canopy
with 200 generations and 50 individuals per generations
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Figure A.37: Wallacei Settings for the shade optimization of a 15x10m canopy with
400 generations and 50 individuals per generations



lllll Y i lll”"

—

Figure A.38: Wallacei Analytics for the shade optimization of a 15x10m canopy
with 400 generations and 50 individuals per generations

Figure A.39: Wallacei Selection for the shade optimization of a 15x10m canopy
with 400 generations and 50 individuals per generations
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