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RÉSUMÉ

La conception des ailes d’avion est un projet pluridisciplinaire complexe qui demande une col-
laboration importante entre tous les groupes de développement. Un des membres principaux
de cette équipe pluridisciplinaire est l’équipe de conception structurelle. Depuis quelques
années, l’optimisation topologique est de plus en plus utilisée par les ingénieurs structuraux
puisque c’est un outil qui leur permet de diminuer significativement la masse des composantes
structurelles.

Ce projet de doctorat s’inscrit dans le cadre du projet de grande envergure MuFox, qui re-
groupe plusieurs partenaires académiques et industriels du domaine aéronautique canadien.
L’objectif de MuFox est de développer un cadre d’optimisation multidisciplinaire pour les
caissons de voilure d’avions commerciaux. C’est dans ce contexte que ce projet cherche à
développer des méthodes et des outils pour intégrer l’optimisation topologique dans le pro-
cessus de conception des caissons de voilure et plus spécifiquement des panneaux raidis. En
effet, plusieurs tentatives dans la littérature et dans l’industrie ont démontré que l’utilisation
actuelle de l’optimisation topologique sur les panneaux raidis ne permet aucun gain de masse
significatif et que son utilisation dans le processus de conception reste laborieux.

Dans cette thèse, nous avons identifié plusieurs limitations au niveau du processus de concep-
tion basé sur l’optimisation topologique pour l’optimisation de structures aéronautiques. C’est
pourquoi nous proposons un cadre de conception générative (generative design), afin de mieux
étudier l’effet de l’optimisation topologique, qui est alors considéré comme un système géné-
ratif (generative system). La conception générative peut être décrite comme l’automatisation
du design conceptuel par des règles implémentées sur ordinateur. Les systèmes génératifs ont
trois propriétés clefs, soit la génération, la représentation et l’exploration.

Nous notons un déséquilibre de ces trois propriétés pour l’optimisation topologique appliquée
aux structures aéronautiques, principalement lors de la prise en compte de l’instabilité liée
au flambement. L’inclusion du flambement amplifie ce déséquilibre relié à l’utilisation de la
génération implicite qui rend l’implémentation d’analyses de plus haute fidélité très difficile.
C’est ce que nous mettons de l’avant dans deux articles qui discutent des méthodes basées
sur la densité et sur le « Ground-Structure ». Dans les deux cas, il apparaît primordial
d’inclure un processus de validation pour être capable d’évaluer la performance réelle des
solutions que l’optimisation topologique génère. Les résultats de ces études montrent aussi
que la complexité des solutions proposées rend la validation difficile. Nous avons aussi mis de
l’avant la taille impressionnante de l’espace de conception lors de l’optimisation topologique.
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Afin de faciliter le processus d’interprétation et de validation de la performance au travers de
ce large espace de conception, nous proposons un algorithme basé sur la vision par ordinateur
qui peut automatiquement reconnaître une structure explicite, donc d’identifier le graphe de
connexions, à partir de la distribution de matière implicite.

Finalement, pour parer les déséquilibres des algorithmes d’optimisation topologique actuels,
nous proposons un nouvel algorithme qui tient en compte la complexité des solutions et la
taille de l’espace de conception. Le développement de cet algorithme a pour but de dévelop-
per une manière efficace d’utiliser une génération explicite et une exploration axées sur la
diversité. Nous avons nommé cet algorithme « Complexity-Driven Conceptual Exploration
for Aircraft Structures » (CD-CEAS). C’est donc un algorithme qui vise d’abord l’aide à la
conception puis l’optimisation, contrairement à l’optimisation topologique classique qui vise
un résultat "optimal", avec des contraintes de conception. CD-CEAS est basé sur plusieurs
disciplines de l’ingénierie, incluant le design axiomatique pour évaluer la complexité fonc-
tionnelle, les systèmes génératifs axés sur la performance, la grammaire basée sur les graphes
et la recherche stochastique. Les résultats de deux études de cas sont présentés et montrent
un avantage marqué par rapport à l’optimisation topologique autant au niveau de la vitesse
d’exécution que de l’exploration. Par exemple, dans un cas de design de panneau de type «
bulkhead », on peut faire apparaître un compromis de 1% de masse, pour une réduction de
70% de complexité. Pour la génération de panneau compressé avec contrainte de flambement,
500 solutions ont été créés et dimensionnées en seulement 6 heures. Pour l’équivalent avec
l’optimisation topologique par densité, le temps de calcul est plutôt de 3 à 4 jours.
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ABSTRACT

Aircraft wing design is a complex multidisciplinary task which requires a close collaboration
between multiple engineering groups. A main actor of aircraft design is the team of design and
analysis of the structure. Engineers have come to rely on many structural optimization tools,
and more recently topology optimization has seen an increase usage. Topology optimization
has shown to be an effective tool to significantly reduce the weight of simple structural
components.

This doctoral project is part of the multidisciplinary optimization project MuFox, which
is a large partnership with the Canadian aeronautic industry and academic partners. The
objective of MuFox was to develop a multidisciplinary optimization framework for the design
of aircraft wing box. It is in this context that we developed our work of wing box topology
optimization for aircraft design, and more specifically for stiffened panel design. There exists
several publications in academia and industry for stiffened panel topology optimization but
current results show no significant reduction of weight with respect to conventional designs,
as well as they are unable to demonstrate either time reduction or simplification of the design
process.

In our work, we have identified multiple limitations in the design process based on topology
optimization for aircraft structural component. This is why we propose to use a generative
design framework to categorize topology optimization as a generative system and improve its
capabilities within this framework. Generative design can be summarized as the automation
of conceptual design via the use of a generative system. Generative systems have three key
properties: generation, representation and exploration.

We note that these properties are not balanced for topology optimization when used for
the design of aircraft structures, which is mainly driven by buckling instabilities prevention.
Buckling analysis amplifies the unbalance of the implicit generation used in topology opti-
mization when trying to use high-fidelity models. This is put forward in two articles of this
thesis which concern two algorithms: the density-based approach and the ground-structure
approach. In both cases, the importance of validation with high-fidelity models is put forward
to ensure performance is conserved when the topologies are interpreted and designed. The
results have shown that validation and interpretation is made more difficult by the complex-
ity of material distributions. Another challenging aspect is the enormous size of the design
space of topology optimization, which requires many evaluations to understand. Exploration
with these algorithms is minimal.
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To automate validation and exploration of this large design space, we propose a tool based
on computer vision. The algorithm we have developed allows the computer to automatically
translate the implicit model used in continuous topology optimization towards an explicit
model that can be used directly for high-fidelity validation modeling.

Finally, with the identified unbalance of topology optimization as a generative system, we
propose a new algorithm for aircraft structural optimization. This new algorithm takes into
account the complexity and size of the design and solution space to help designers navigate
and reach optimal solutions. We have named the algorithm “Complexity-Driven Conceptual
Exploration for Aircraft Structures” (CD-CEAS). The main development driver was to build
an explicit generation method that can easily consider high-fidelity models and an exploration
algorithm that is focused on diversity rather than intensification. Consequently, CD-CEAS
is focused on design first and optimization second, whereas topology optimization is focused
on optimization first and design second.

CD-CEAS includes many engineering methods, as in axiomatic design, performance-based
generative systems, graph-grammars and stochastic search. Results from two case studies
have shown a clear advantage of CD-CEAS with respect to current topology optimization
approaches in terms of speed of execution (including all aspects of generation, representation,
and exploration) and in terms of solution diversification. We have found that by adapting the
balance of generation, representation and exploration to the specific problem of stiffened panel
design, we can obtain a better tool for supporting the design process. For example, in the case
of the pressurized bulkhead, CD-CEAS showed a compromise of about 1% of weight, with
a reduction of 70% of complexity. Furthermore, in the case the compressed stiffened panel
CD-CEAS generated and sized 500 feasible layouts in only 6 hours. An equivalent exploration
had taken multiple days with a commercial software.
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CHAPTER 1 INTRODUCTION

1.1 Context

Airplanes have tremendously changed how people travel, which propelled the human civiliza-
tion into a globalized society [9]. Flying, be it for leisure or business reaches nearly 4.1 billion
passengers in 2017 [10]. Keeping its current growth, the aviation sector will have three times
more passengers by 2050 [10]. Furthermore, since emissions of CO2 from aircraft is directly
released in the upper atmosphere, its lifecycle is longer and thus has much more impact on
climate change than ground emissions [10]. In 2000, the aviation sector has contributed to
0.8% of total anthropogenic warming (with an impact of 0.009◦C of warming) [10]. In 2050,
if the efficiency of aircraft keeps increasing at its current pace, the aviation sector could reach
1.4% of anthropogenic warming (0.04◦C of warming) and 5.2% (up to 0.1◦C) in 2100 [10].
The Paris Agreement on climate seeks to limit the warming of the planet at 2◦C and aviation
will be a major contributor to it’s success.

The threat caused by climate change makes it important, if not urgent, to reduce the con-
sumption of fuel to decrease the greenhouse gas emission in the aviation sector. The air-
craft and engine manufacturers are currently working on a large and diversified portfolio
of projects to achieve the environmental transition required for the 21st century. There are
projects of electrification and hybridization of propulsion [11], changes of materials and struc-
tures [12, 13], biofuels [14], new types of configurations [15] and new lifecycle design meth-
ods [16]. Innovation is not the work of a single team or discipline any more, making it even
more complicated. Combining multiple disciplines and expertize with emergent tools in a
multidisciplinary design, analysis and optimization approaches is the primary research axis
of the last decade [17–19].

This PhD project is part of the structural optimization package of a multidisciplinary op-
timization project, in direct partnership with the Research & Tools (R&T) team at Stelia
Canada. The global project MUltidisciplinary Framework for Optimization of wing box (Mu-
FOX) is overseen by the Consortium de Recherche et d’Innovation en Aéronautique du Québec
(CRIAQ).

MuFOX originated from a need to redefine the preliminary and conceptual design phases
of aircraft with modern collaborative tools. MuFOX challenges existing design and research
methods in both academia and industry. Therefore, it includes two industrial partners, Bom-
bardier Aéronautique and Stelia Canada, and two academic partners, Carleton University
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and Polytechnique Montreal. MuFOX touches many different disciplines of aircraft engineer-
ing, such as optimization, aerodynamics, load, structures and design. For this PhD project
on structural optimization, topology optimization had been identified as a promising tool
to redefine conceptual design. The challenges related to topology optimization in aircraft
design are at different levels: design theory, exploratory optimization and structural anal-
ysis. Accordingly, the goal of the project is to identify challenges of design using topology
optimization during the early phases of the conception and develop solutions for these main
bottlenecks.

1.1.1 Aircraft Design

The complete design of an aircraft is complex and expensive; it takes many years and costs
billions of dollars for a new program to go from an idea to delivery [20]. A typical design cycle
of an aircraft is illustrated in fig. 1.1. To reduce design time and also to minimize the budget,
the different design phases are usually done concurrently, using the Concurrent Engineering
or Collaborative Engineering design theories [21–23]. The challenge of concurrent engineering
is that important decisions have to be made very early in the design phase, when knowledge
may be incomplete. This is crucial for complex multi-domain systems such as aircraft [24].

Figure 1.1 Aircraft design phases and approximate time and cost escalation, timescale typi-
cally 2-5 years. [21]

As illustrated in fig. 1.2, the design process is about balancing the decisions that reduce
design freedom and increase new knowledge to advance the design process. In this thesis, we
define design freedom as the remaining possible design modification that can be done with
low cost. For example, in the concurrent engineering process, some components are ordered
during the preliminary design phase in order to reduce design time. As the design advances
engineers acquire new knowledge on the product and processes, it is already too late to make
significant changes to the design because it has become too costly to cancel or modify already



3

Figure 1.2 Evolution of knowledge during the design process. It shows that during design,
knowledge of the product comes later at which point freedom has already been limited by
previous decisions. [1].

manufactured components. This project is rooted in the creation of new ideas and improving
the knowledge of designers during the conceptual design phase, by leveraging computing
power and generative systems, such as topology optimization. The use of computer-aided
engineering design (CAED) during the conceptual design phase has been identified as an
active challenge in research [25]

This chapter first introduces the most important concepts and definitions related to the
context of the project. From there, we identify the main limitations of current practices and
finally limit the scope of the project to the identified challenges.

1.2 Definitions and concepts

This section introduces the most important concepts of this thesis which are required to un-
derstand the context and research objectives. A comprehensive literature review is presented
in chapter 2.

We first present the standard wing assembly used in civil aircraft. From there, the stiffened
panel and its functions are described. We then discuss current structural optimization tools,
including topology optimization. Then, general design theories are introduced to provide a
common language for design. Finally, we position all of these concepts within the generative
design framework.
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1.2.1 Aircraft Assemblies

Aircraft structures have a relatively simple role in the design of aircraft: to ensure the integrity
of the aircraft during all operational procedures (taxi, take-off, climb, cruise, descent and
landing) [26]. As this work is in collaboration with a commercial aircraft manufacturer, this
project focuses on traditional aircraft configuration.

Figure 1.3 Stiffened panel assembly with an orthogrid layout, meaning all stiffeners are or-
thogonal.

Figure 1.4 Wing box assembly.

What is important to note is that every structural assemblies in modern aircraft are built
from specialized stiffened panels, which are usually stiffened as an orthogrid configuration
(see fig. 1.3). This configuration requires that all stiffening components are perpendicular to
one another. In the fuselage, these stiffeners are called frames, stringers and girders. In the
wing box, similar functions are attained by the ribs, stringers and spars (see fig. 1.4).
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1.2.2 Stiffened Panels

Orthogrid stiffened panels have been used in the aeronautics, aerospace and shipbuilding
industries for decades due to their high strength/weight ratio. This layout consists of stiffeners
always placed orthogonal to one another. One of our goals is to challenge the use of orthogrid
configuration and seek to improve the strength/weight ratio of structural assemblies. However,
due to the scope of the project, we mainly focus on stiffened panels used for the wing box
assembly.

Stiffened panels are generally built with the orthogrid configuration for three reasons. First,
there are very few unconventional configurations that have challenged it [27, 28] and from
these, local improvements were made with a trade-off of significantly increasing manufactur-
ing complexity and cost. Secondly, traditional analysis tools for stiffened panels are simple,
but also narrow in application. They are based on analytical and semi-empirical calcula-
tions (see Sec. 2.1). More advanced analysis tools, such as finite-element method, allow more
flexibility, but at an increased computational cost [29]. Finally, even though there are many
academic tools to help design and/or optimize the stiffening layouts, very few have made
their way to industrial applications [29,30]. The complexity due to the interactions between
tasks of design, manufacturing and analysis is identified as the main reason to explain the
lack of innovation.

Most recent developments in reducing the weight of stiffened panels have been related to im-
proved manufacturing techniques. Improvements in layered composite materials have seen a
widespread application in newer civil aircraft [31,32]. New joining and fabrication techniques
have also been studied, such as friction stir welding [33,34], electron beam free forming fabri-
cation [35] and additive manufacturing [36]. These manufacturing techniques have opened the
possibility of innovative stiffening layouts [30] which are not limited to straight, orthogonal
stiffeners. However, increased freedom in manufacturing capabilities must now be matched
by new and reliable techniques that allow this expanded design space to be explored in a
systematic and reliable manner.

Another challenge associated with stiffened panels in aeronautic structure is their multiple
roles in the assemblies. In addition to ensuring structural integrity, they often serve secondary
functions, such as containing fuel, providing attachment points for systems or limiting the
deformation of aerodynamic surfaces. As these different secondary functions are usually only
considered in later design phases, they can create situations where design limitations only
appear after design decisions are made. The next section introduces structural optimization
tools that seek to improve the performance structural components, including stiffened panels.
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1.2.3 Structural Optimization

Structural optimization is a sub-area of optimization that specializes in improving the per-
formance of structures in terms of weight and resistance. There are multiple optimization
formulations available to structural engineers at different stages of the design. They are often
classified into three families: size, shape and topology optimization [37], as illustrated in fig.
1.5.

Figure 1.5 Different types of structural optimizations [2]. (A) Design space (B) Size optimiza-
tion (C) Shape optimization (D) Topology optimization.

These methods all have in common that they start from an already defined design space that
requires improvements, in terms of strength, rigidity (or its inverse compliance), stability or
weight. The only differences are in the way they handle the design variables, and thus the
design space. The design space is characterized as the mathematical space in which all the
design possibilities, with respect to the chosen variables may be achieved.

When it comes to size optimization (fig. 1.5.B), the goal is to find the ideal size of a specific
component with respect to material and assembly limits. For example, the thickness of a
plate, the size of a bracket or the radius of a hole. It is a highly parametrized and rigid
formulation that is very useful during the final design phase. As such, the design space,
models and variables are known a priori and are thus fixed during optimization [37].

For shape optimization (fig. 1.5.C), the contour and surfaces are not fixed and become the
design variables. A good use of this approach is to optimize the shape of holes or fillets to
reduce stress concentrations. The domain changes are usually limited to small variations, to
ensure that no topological changes happen.

Finally, topology optimization (fig. 1.5.D) offers the largest design space, by allowing the
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topology of the solution to change iteratively. In its largest definition, topology optimization
seeks an optimal material distribution in a given geometrical space. There are many algo-
rithms, formulations, and methods for topology optimization, which are discussed in depth
in section 2.5.

The different types of structural optimization have their use in each design phases. Topology
optimization is generally used early in the design process to inspire engineers to promote
innovative structures. Size and shape optimization are used in the preliminary and detailed
design phase using low to high-fidelity structural models. Density-based topology optimiza-
tion, especially with the solid isotropic material penalty (SIMP) formulation, has been widely
used in the industry and in applications found in the academic literature [13,38–40]. An im-
pressive example using billions of design variables for the optimization of a complete wing
box has been published in Nature in 2017 [39]. Even with this impressive optimization prob-
lem, only marginal weight saving was achieved after the interpretation of the results into
complex wing box shapes [39]. Other attempts of topology optimization of smaller scale have
yielded better results, with an average expected results of reducing the weight by at least
10% [13, 38, 41]. However, these projects did not optimize main structural assemblies but
rather focused on single components such as floor reinforcements, brackets and attachment
systems which have a simple, single function: ensure structural integrity.

1.2.4 Design Theories

Optimization is only one of the tools in the engineer toolbox. Engineers are not only analysts,
they are also designers and creators. The design process is the act of using experience and
intuition in addition to the analysis and optimization tools. Design theory is the study of
the design process, from which methodologies are proposed to help engineers improve their
design.

Concurrent engineering was mentioned in the aircraft design section for the general aircraft
design. Considering the large scope of aircraft design, concurrent engineering has proven an
effective tool to reduce design cost and the design-to-deliver timeline [21].

In collaborative engineering, concurrent engineering, infused design theory and C-K theory,
design is defined as a social collaborative process [19,42–44]. It involves a non-linear process
where the design progresses with the exchange of information between the stakeholders:
customers, designers, analysts, managers, etc [42, 43]. The challenges put forward in social
design theories are related to the complexities of communication between disciplines. This fact
has also been emphasized in multidisciplinary optimization problems where communication
is required between programs for optimization [45].
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There are also more systematic design theories, such as axiomatic design. Axiomatic design
has seen a significant number of publications [46,47] and has its roots in mechanical engineer-
ing design. In axiomatic design theory, design is defined as the process of identifying needs
that must be satisfied with functions to create an innovation [46].

1.2.5 Generative Design

In presented conventional design theories, the design process is started from the requirements,
specifications or needs of the customer or other stakeholders. For example, in axiomatic design,
the design process is split into doing the right things (first axiom) and doing things right
(second axiom) [48]. This process is considered first time right and thus considers a good
design process a design that did not require any redesign [49]. In the Infused Design, the
requirements evolves during the design process, until requirements, knowledge and functions
of all the design teams matches [42]. As such, conventional design theories are “top-down”
approaches, creating solutions from the knowledge of designers and customers requirements.

Figure 1.6 Top-down vs bottom-up design approaches

In this sub-section, we discuss generative design (sometimes also called computational design
synthesis [50, 51]) which uses a “bottom-up” approach (see fig. 1.6). This time, starting
from possible solutions and filtering them out until only feasible solutions are available.
Generative design is a design approach that leverages computational power to generate virtual
artifacts. However, as far as we know, generative design has not been studied as part of a
design theory. We think generative design offers great potential for the design of complex and
multidisciplinary systems [52].

In this thesis, we have defined three essential disciplines that are part of this project, namely
structure, optimization and design theories. These three disciplines have different views and
very different languages to describe their processes. For example, for design theorist (depend-
ing on the framework) the language tends to use words such as concepts, functions, ideas or
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organizations. Optimization specialists think in terms of objectives, programming, variables
and constraints. Structure engineers will think in terms of process, computation, stress and
stability. As put forward in social design theories, the interface and language of multiple dis-
ciplines and the organization of design can be at the same time limiting aspects (concurrent
engineering) but also exploratory spaces for emergent solutions (infused design).

Generative design, as used in the literature, offers a solution to leverage the language barriers
of multidisciplinary design [53]. The term generative design has been used in different ways
in the last decades, sometimes in computer-aided design (CAD) software [53] and often in the
architectural/civil engineering journals and conferences [54]. A common aspect of generative
design literature, is that it focuses on the use of computer systems capable of generating
concepts (be it structures, ideas, layout, shapes, graphs, etc.) to inspire the designers to in-
novate and think outside the usual available solutions. It leverages the engineers experience
and intuition by acting like a Rorschach test, but instead of finding psychological patterns
in patients, we explore the creativity of professional designers. To explore properly, the gen-
erative design framework must include different disciplines in the design process to create
opportunities of conflict with different disciplines, and thus improved design.

Let’s define what generative design is for us: A generative design approach leverages generative
systems to generate solutions, from which the best are filtered and then selected by computer-
assisted experts. From there, a common definition of generative systems includes important
properties [54]:

Generative system Generative systems are computational algorithms that are used to
create design solutions from rules, evolution or optimization. They
have four main properties [54]:

1. Ability to generate complexity from simple rules (the systems
uses base components to create emergent properties from the
assembly);

2. Generated solutions have forms that are interconnected with
their environment;

3. Ability for self-maintenance and self-repair;
4. Novel forms, behaviors and outcomes are expected results.

Let’s break down this definition into its most important components. First, the generative
design is simply an approach that uses tools (generative systems) in a systematic way. Sec-
ondly, generative systems are computer programs that uses simple components to create
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novel, complex and stable artefacts. And finally, generative design leads the engineers toward
a solution space that requires filtering and selections. The strength of generative design is
that it leaves the engineer the job to explore the solution instead of the design space, which
greatly reduce the space to explore. Still, smart computer filters can greatly help engineers re-
duce the amount of solutions even further. As such, there is the nuance between conventional
generative systems and performance-based generative systems that leverages optimization
techniques to generate only efficient solutions.

For an efficient, generative systems must balance representation, generation and de-
sign exploration in pursuit of innovative and original design solutions [55]. This balance is
important to ensure a flexible generative design. Representation ensures that the generated
solutions correctly reflect the design intent and that accurate information might be extracted
from the generated results. The generative portion in generative systems is central to the
concept, still if too much effort is put into creating innovative concepts, the good solutions
will be lost in the sea of bad solutions. A good generative systems can create more feasible
than bad solutions. Finally, a good generative system is not too focused on finding the best
solution, as in the conceptual design phase, many hypothesis are required. As such, it balances
optimal and exploratory solution to provide opportunities for engineers, as the maturity of
the project reduces the number of design hypothesis.

From these definitions of generative systems, it appears that for the design of complex prod-
ucts, such as stiffened panels used for aerostructures, topology optimization is a generative
system that focuses only on close optimal solutions. This is done at the cost of proper rep-
resentation of the structure, for example, it is difficult to capture buckling accurately in
density-based approaches. Moreover, this reduces the capacity for exploration which is vir-
tually non-existent in topology optimization literature. We think that exploration is barely
leveraged in topology optimization because it has been developed for convex optimization
problems (an optimization problem with only one global minima).

1.3 Problematic

This introduction has discussed the roles of structural assemblies in keeping the integrity of
the aircraft in all operating conditions. Stiffened panels are an essential component of modern
aircraft assemblies and there’s currently new manufacturing capabilities that are not properly
leveraged due to limitations in generation and analysis of innovative stiffening layouts.

Topology optimization has been identified multiple times in the literature as a promising
tool to inspire structural designers to create innovative, strong and light structures. There
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are currently no adequate design theories that may properly leverage topology optimization
for structural design, but the generative design framework identifies important limitations of
current design methods based on topology optimization. A good generative design approach
balances representation, generation and design search. Currently, topology optimization as
a generative system focuses on the concept generation by optimal material distribution.
However, as not all the design requirements are integrated in the optimization process, the
performance is only focused on stiffness. As such, for stiffened panel design, layouts obtained
with topology optimization offers a sub-par strength/weight ratio compared to conventional
orthogrid panels. There is a need to re-imagine topology optimization as a generative systems
and re-balance it toward better representation and exploration.

The current generation methods in the most used topology optimization algorithms are im-
plicit, which makes the interpretation tedious and the use of higher fidelity models (better
representation) challenging. Moreover, there are few works focusing on exploratory topology
optimization.

This leads to the following challenges for the design of stiffened panels with generative design:

Challenge 1 Current topology optimization algorithms are not suitable to represent stiff-
ened panels and their non-linear constraints due to their implicit generation
of the design.

Challenge 2 Designing innovative stiffened panels requires extensive design space search
and exploration. Design with current topology optimization algorithms,
also requires a lot of manual work, interpretation and performance-analysis.
There is no guarantee that requirements are met by the single proposed
material distribution. All of this makes design space exploration tedious,
non-systematic and inefficient.

The first challenge is linked to the way topology optimization uses implicit variables to ease
the optimization problem. Still, it can only be effectively used for finding the main load-paths,
that is finding how the primary loads travel in the continuum design space. Furthermore, the
design interpretation process takes time and it is difficult to properly evaluate the design with
an best suited model for high fidelity analysis. Interpretation requires evaluating the material
distribution, turning it into something manufacturable and reanalyzing it with constraints
not previously considered.

This leads to the second challenge associated with topology optimization. The current meth-
ods rely on the expertise of engineers and their intuition to choose the right formulation and
hypothesis, then parametrize optimizations properly. Each decision on the parameters and
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formulations lead to only one “new” result, which may or may not be a feasible result when
considering all design requirements. All design requirements not considered during topology
optimization usually include more complex limitations such as post-buckling stability, dam-
age tolerance, manufacturing limitations or even economical or environmental considerations.
By looking at the big picture, it is clear that by finding only one “optimal” material distri-
bution, there is a high risk of missing a solution that might later be a better compromise.
Balancing exploration and optimality in topology optimization (when used as a generative
system) should help engineers find more innovative designs.

These challenges foresee avenues for improvement: make the design space exploration more
efficient, automate interpretation of implicit variables, filter models before manual interven-
tion, etc.

1.4 Research Objectives

With the research challenges identified, we are set to define a general research question as
follows:

How can topology optimization be leveraged in a generative design frame-
work to reduce the weight of stiffened panels used in commercial aircraft?

From this research question, objectives and sub-objectives are defined. These objectives are
related to the research question and the identified challenges and expressed as mission state-
ments.

Main Objective (MO) Develop a generative design method for stiffened panels
based on topology optimization to minimize their weight.

Secondary Objective 1 (SO1) Characterize the impact of optimization formulation and
parameters on the behavior of topology optimization with
a buckling constraint.

Secondary Objective 2 (SO2) Develop a tool to automatically read and segment discrete
components from a density-based topology optimization
result.

Secondary Objective 3 (SO3) Develop a tool to determine complexity levels and synthe-
size innovative stiffening layouts.

From the main objective, we keep in mind that the goal of the project is to find a way to
reduce the structural weight of stiffened panels. The selected generative system is topology
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optimization, for which different algorithms are tested. The improvements are measured by
comparing innovative panels strength/weight ratio with the orthogrid configuration that is
optimized with only size and shape optimization.

SO1 is related to challenge 1, which identifies that current topology optimization algorithms
use implicit generation of structures which makes higher fidelity constraints more difficult to
implement. This first sub-objective seeks to understand how this implicit generation affects
the results of topology optimization using non-linear constraints, especially buckling.

SO2 and SO3 are related to challenge 2, which shows limitations to the search and explo-
ration of the design space. SO2 focuses on the challenge of interpretation for density-based
topology optimization by automating the extraction of the discrete components in the ma-
terial distribution. SO3 seeks to create a tool for the designers, helping them for the analysis
and synthesis of the large amount of solutions.

1.5 Thesis Outline

We have discussed the industrial and academic context of the project in this chapter. Im-
portant challenges have been identified that limits innovation for stiffened panels, and thus
aircraft structural assemblies.

The next chapter focuses on the literature review of the project, from which we identify re-
search opportunities and solutions. Chapter 3 makes a synthesis of the methodology, solutions
and articles presented in this thesis. It also presents the generative design framework that
has driven the research presented in this thesis. Chapter 4 shows the development and use of
a computer vision tool that automates generation with a commercial topology optimization
software. Chapter 5 and 6 use and implement buckling into the widely used topology opti-
mization methods of Solid Isotropic Material with Penalization and of the Ground-Structure
method respectively. In both work, the use of the implicit generation shows several limita-
tions when coupled with linear buckling constraints. Chapter 7 leverages lessons learned from
the previous work to create an innovative complexity-driven design exploration method.

A discussion on the generative design method and associated generative systems is located in
Chapter 8. Finally, the conclusion offers insight on the limitations of this work and discusses
possible future work.
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CHAPTER 2 LITERATURE REVIEW

In the early 2000s, Venkataraman noticed that even though the available computational power
has increased exponentially, the time required for a given structural optimization has stayed
roughly the same over twenty years (1980–2000) [56]. Engineers have used simulations that
run overnight, no matter the exponential increase in speed of modern computers, as with more
powerful computers, more complexity is introduced in simulations. With anecdotal evidence
gathered with industrial partners, this seems to remain true in 2021. Venkataraman defines
design complexity as the sum of challenges required to achieve a task [56]. As time goes on,
the requirements for different complexities, precisely the optimization, modeling and analysis
complexities have increased, creating an ever-expanding demand for more computation power
[56]. As such, solving a complex analysis, requires advanced numerical techniques, powerful
computers and/or intensive pre-process effort.

Even with recent advances in computations, combining complex optimization with complex
modeling and complex analysis remains cumbersome. Most recent advances in the literature
challenge only one aspect (optimization, modeling or analysis) at a time. The combination
of multiple complexities in a single problem is rarely explored. This is illustrated in fig. 2.1
where the blue area denotes the explored areas and the point P the unexplored area with
multiple complexities.

In essence, the challenges we have identified in the introduction chapter are related to the
combination of these different complexities. As an example, considering the complexity of
the topology optimization problem, it is necessary to use simplifying assumptions for both
analysis and modeling; otherwise the optimization problem is unmanageable. Stiffened panels,
especially in vehicle assemblies, are complex models that require multiscale optimization,
complicated assemblies and interfaces with multiple systems. Finally, stiffened panels require
increasingly complex analysis methods to consider stability (buckling and post-buckling),
fatigue and crack propagation.

These three complexities can be related to the balance in generative design we have identified
in sec 1.2.5. For example, the decision to reduce the complexity of the analysis and automated
modeling penalizes the generative representation and exploration but creates a much easier
optimization problem. Thus, tackling all complexities in a single problem requires a difficult
act of balancing what is left in and what is left out.

In this chapter, we will review the available literature on how these challenges have been tack-
led. First, we discuss the current design, optimization and analysis method for conventional
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Figure 2.1 Illustration of complexities in the structural engineering world [56]

stiffened panels. A state-of-the-art review on structural optimization algorithms and tech-
niques reviews the latest advancements. From there, methods for innovative layouts and new
analysis algorithms are presented. Our classification of generative systems for structural de-
sign, for which we include topology optimization, is proposed as part of the generative design
approach. Finally, an exhaustive review of current trends in structural topology optimization
puts forward current limitations.

2.1 Analyzing and Sizing Stiffened Panels

Stiffened panels have been introduced in the section 1.2.2. The discussion in this section
is more specifically about the identified challenges linked to the analysis (representation)
complexities of stiffened panels. The orthogrid configuration has been predominantly used in
the aerospace industry, and as such this section focuses on it. Innovative layouts are presented
in the section 2.3.

2.1.1 Challenges of Stiffened Panel Design

The orthogrid stiffened panels are highly efficient and relatively easy to design [56]. Their
analysis requires good understanding of specific conditions, such as [29]:

• Kinematics of the stiffeners, relative to the mid-plane of the plate;

• Boundary conditions at the plate/stiffener junctions;
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• Stiffener geometric parameters (flexural, torsional, warping, etc.).

As noted in [29], using the orthogrid layout reduces considerably the modeling complexity, as
it may be considered as a monolithic, orthotropic structure [29] with the mentioned hypothesis
constant throughout the panels. Difficulties in the analysis of non-orthogrid panels arise as it
changes the hypothesis [29]. For example, using curved stiffeners locally changes the torsional
resistance across the panels, making the simple monolithic approach inadequate.

The first challenge of the design of stiffened panels is related to ultimate limit states. For most
shell design problems, designing with limit state in mind (buckling and material yield) is the
easiest evaluation [57]. However, experiments have shown that important weight saving (of
the order of 20%) may be achieved by designing with ultimate strength in mind (post-buckling
stability and material ultimate strength). At this level, considering material non-linearity is
important, such as the cladding of aluminum [58]. For example, with aluminum-alloy there
is a second stable slope of material that can be defined using the Ramberg-Osgood factor
(n) [59].

Scale is also a challenge, as global and local buckling modes must be considered, multiscale
analysis is required. The scaling problem makes numerical techniques quickly prohibitive
compared to simple analytical equations [60]. Approximate modeling of panels have been
used to reduce the modeling complexity, at the cost of increasing analysis complexity (e.g.,
smeared approaches) [61].

Furthermore, stiffened panels are very sensitive to geometric imperfections [29]. These im-
perfections might arise from some unexpected deflections or welding residual stresses [62].
These imperfections are difficult to predict, making buckling initiation and growth somewhat
unpredictable [57]. Integrated extruded or machined stiffeners are less prone to the effects of
imperfections relative to traditional welded or riveted assemblies, which is another advantage
of using modern manufacturing technologies [62].

Finally, for minimal weight panels, the closeness of multiple buckling modes can lead to
instability earlier than numerical techniques predicts [57]. For this challenge, semi-empirical
techniques have been developed to account for experimental data. Some important equations
are presented in this section.

2.1.2 Buckling

Current design methods considering buckling rely on well understood analytic and semi-
empirical formulations [26]. These measures for traditional configuration help reduce the
analysis complexity, especially for large-scale structures. Basic equations for buckling failure
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evaluation are presented in this section.

First, we have to acknowledge that buckling encompasses multiple types of modes, and not
all modes lead directly to collapse [26]. It is the combination of the plate, stiffeners and
layout properties that influence the shapes and limits of the different modes [29]. See fig. 2.2
for a non-exhaustive illustration of common buckling modes. Fig. 2.2.(a) shows a global
buckling mode, which arises when stiffeners only offer a small flexural rigidity; thus the whole
structure buckles together. Fig. 2.2.(b) and (c) shows the buckling modes associated with high
flexural or high rotational rigidity of the stiffeners; the local buckling modes. Finally, modes
in fig. 2.2(d) and (e) shows rotational buckling around the stiffener axis. This may happen if
the junction of the plate/stiffener is not stiff enough, or if the stiffeners are too slender.

There has been a continuous effort to create more precise and/or more flexible analytical tools,
as shown by more than 400 papers found in [29] between 1950 and 2007. In summary, the
early methods studied the differential equations and energy formulations to create buckling
charts and rules that may be used for plates and stiffeners alike [29]. Later methods focus
on numerical methods such as FEM and the finite-strip method (FSM), which have been
studied extensively [29,57].

Analytic and semi-empirical methods

We will note some important equations developed by the NACA in the 1950s that are still
largely used today for buckling evaluation [58]. The first important equation describes the
critical stress associated with skin buckling, which has been derived from the total potential
energy equation and transformed into a double trigonometrical series [58]. As an example,
the equation for a skin supported on all sides is presented in equations 2.1 and 2.2, see fig. 2.3
for an illustration of variables.

Nx,CR = π2a2D
1
m2

(
m2

a2 + n2

b2

)2

(2.1)

D = Et3

12(1− ν2) (2.2)

where Nx,CR is the critical load, a and b are respectively the length and width of the plate, ν
is the poisson ratio of the material and t the thickness of the skin. Finally, m and n are the
indices related to the longitudinal and transversely modes.

If we choose n = 1 to observe the buckling modes in only the loading direction, it is possible
to reduce the equation to:
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Figure 2.2 Possible buckling modes for stiffened panels [29]

Figure 2.3 Skin variables that affect buckling resistance where Nx is the applied load, a and
b are respectively the length and width of the plate. [26]
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Nx,CR = kπ2D

b2 where k =
(
mb

a
+ a

mb

)2

(2.3)

From these equations, it is possible to simply plot the resulting effect with respect to the a/b
fraction. The buckling factor k converges for a/b > 1 toward 4 for simple supported skins.
Other boundary conditions produce other buckling constants.

Combining equations 2.3 and 2.2, we finally obtain the final critical skin buckling stress:

σcr,skin = kπ2E

12(1− ν2)

(
t

b

)2
(2.4)

We can see that uniaxial buckling is mainly driven by the skin thickness (t) and its width
(b).

In a similar fashion, it is possible to introduce the Euler column buckling equation [26].

σcr,euler = π2E
le
r2

(2.5)

where, σcr,euler is the critical Euler stress of a single column, which depends on the ratio le/r2.
le is the effective length of the column (which depends on the actual length and boundary
conditions) and r the buckling radius which is affected by the area of inertia of the column’s
cross-section [26]. Contrary to skin buckling, Euler buckling is inherently unstable and is to
be avoided [26].

In stiffened panels, local buckling of short columns (also called crippling) can also be prob-
lematic. This local instability depends on the shape (L, Z, J, Ω, etc.) and properties of the
stiffeners. There exists multiple methods proposed in the literature, based on empirical data,
though there is still universal acceptance on a particular method [26]. Need-ham and Gerard
methods are usually presented in coursebooks [26,58].

Numerical methods

Numerical methods are used primarily for smaller components, as their use for large-scale
structures can quickly become prohibitive [62]. Still, they allow for a much more flexible
control over geometry, boundary conditions, loads and materials [62].

Using the FEM method for the evaluation of buckling resistance starts with the assembled
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stiffness matrix. Using the equilibrium equation from the FEM (eq. 2.6), it is possible to
create an eigenvalue problem (eq. 2.7) to identify the different critical load factors and their
associated modes that may be extracted from the eigenvectors [63].

f0 = Ku0 (2.6)

where f0 is the critical load, K ∈ Rn×n is the stiffness matrix and u0 ∈ Rn is the displacement
vector.

[K + λKσ(u0)]ϕ = 0, ϕ 6= 0 (2.7)

where Kσ(u0) is the stress stiffness matrix used for the generalized eigenvalue problem which
may be solved using classic numerical methods. Solving the eigenvalue problem results in the
eigenpairs (λi, ϕip) which represent respectively the critical load factors and its associated
buckling modes.

There is abundant literature on numerical techniques to efficiently evaluate buckling [57].
Some work focuses on new finite-element formulations [57]. Some focus on the effect of local
and global imperfections (related to geometry, manufacturing or heat adverse effects) [57].
There are also the smeared approaches that create approximations for out-of-design areas,
allowing a focus only in a given design space [61].

A common challenge is to capture both local and global buckling mode accurately. A solution
for this is an alternative formulation from strong form equations and differential quadrature
methods [64]. Finite and exact strip approaches also provide efficient evaluations for the
orthogrid configuration [64].

Still, all of these techniques, except FEM, are focused on orthogrid stiffened panels [62]. It
appears that both efficient and flexible tools for buckling evaluation are still under develop-
ment.

2.1.3 Post-Buckling

Well-designed stiffened panels control not only the safety factor of each buckling mode,
but also sets the load factors of each mode. A usual design method consists of setting the
critical load associated with skin buckling (which is stable) earlier than the other buckling
modes [65]. This creates a new post-buckling equilibrium that is characterized by a load
redistribution from the skins to the stiffeners, with skins still able to provide significant
stiffness. The stiffener and the buckled skin together are sometimes called the “super-stiffener”
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[66]. Nevertheless, designing for post-buckling equilibrium requires more complicated analysis
tools than simple buckling.

For the analytical methods, some semi-empirical equations are available for orthogrid panels.
Post-buckling failure arises from the coupling of slender buckling (Euler, eq. 2.5) and short
column buckling (or crippling) in a failure mode characterized by the Euler-Johnson equation,
eq. 2.8 [67]. This failure mode is also called the intermediate column failure [67].

σcr = σcc −
σ2
cc

4πE

(
L′

ρ

)2

(2.8)

where, σcr is the Euler-Johnson critical stress. σcc is the critical crippling stress evaluated
from semi-empirical methods such as Needham or Gerard. L′ is the effective column length
(which depend on actual length and boundary conditions) and ρ the radius of gyration.

For orthogrid stiffened panels, FEM and Finite Strips methods are also capable of modeling
the post-buckling failure. Again, for non-orthogrid stiffened panels, only FEM allows for a
flexible solution.

For post-buckling analysis, a time dependence requires nonlinear numerical methods [65].
There are multiple solutions for nonlinear solving, though the Rikz arc-length time-step
method is usually preferred in the literature [65, 68].

To consider post-buckling in optimization, some approximation techniques are proposed in
[69,70].

2.1.4 Sizing Aircraft Structures

The sizing of stiffened panels is choosing the right thicknesses and shapes of stiffeners and
skin segments in the general assembly.

A common approach for detailed design is to use the analytical and semi-empirical equations
into simple margin of security calculations tools. These calculations are often done directly
on Excel spreadsheets, with each section of the wing and fuselage having their own dedicated
section in the workbook. More modern approaches use object-oriented programming. The
calculations include the buckling, discussed earlier, and also fatigue, damage tolerance, stress,
etc. The sizing of components are modified whenever a design change is required, and the
engineers verify that margins stay positive.

Optimization techniques, including mathematical programming and meta-heuristic methods,
are now used at the conceptual and preliminary stage of aircraft design [57,71]. This can be
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leveraged in multidisciplinary optimization where it becomes possible to include structure,
aerodynamics and control into a single aeroservoelastic problem [72]. These techniques are
discussed in the next section.

2.2 Structural Optimization Algorithms

Optimization, in its broadest definition, is the study of the minimization/maximization of
a set of cost functions under a given context [73]. With the advent of numerical methods
and the exponential rise in computational powers, optimization has become more and more
popular in design and structural engineering [73].

However, as often stated in any optimization work: there is no free lunch [73]. That is, there is
no perfect algorithm for all optimization problems. The compromises are generally defined by
the problem’s number of variables, the nature of the constraints and/or properties of the ob-
jective functions [73]. Optimization complexity is thus mainly related to the implementation
of the optimization problem, in terms of solver, objective functions, constraint evaluations
and gradient computation or approximations. This subsection presents a quick overview of
state-of-the-art optimization techniques, with a focus on mathematical programming and
meta-heuristics approaches commonly used in structural optimization packages.

Under the mathematical programming techniques, the method of moving asymptotes (MMA)
[74] and its evolution the globally convergent MMA (GCMMA) have been used extensively
in the structural optimization (especially for the topology optimization) community [75,76].
Due to the convexity of the sub-problems, MMA and more so the GCMMA have excellent
convergence properties, with GCMMA being guaranteed to converge toward an optimum
(not necessarily global) in a finite amount of time steps [77].

More general techniques include the methods of feasible directions (MFD) and sequential
quadratic programming (SQP) [78]. MFD uses first-order derivatives to find an efficient
solution in the feasible zone [73]. SQP resolves a quadratic subproblem to find the most
efficient descent direction and step size [73]. Both algorithms are often used in commercial
packages [78,79]. MFD is most efficient if you know a feasible starting point and you are not
too far from optimality, each iteration requires less computation than SQP. However, SQP is
more efficient in non-feasible regions and even though each iteration is longer to compute, it
often requires fewer iterations. Generally, SQP is considered more efficient than MFD [73].

There are multiple algorithms available for global optimization, that is algorithms that search
for the global minimum, and not just the closest minimum. There is no algorithm that is used
preferably in structural optimization, though multiple are available in different commercial
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optimization packages. Response surface methods (RSM) use surrogate models to decide the
new evaluation points and use these new points to improve the surrogate models [80]. The
DIRECT algorithm splits the design space into a hypercube then searches smaller and smaller
areas as a deterministic-search algorithm [77]. The Mesh Adaptative Direct Search (MADS)
is very useful for black-box optimization problems [81].

Meta-heuristic methods use arbitrary rules to define the behavior of the optimization process
[73]. These rules are often inspired by nature and mimic it to create a flexible optimization
process. The most well-known meta-heuristic method is the genetic algorithm, which mimics
the evolution of species. With a set of solutions, it selects and reproduces "individuals" of a
species into better and better solutions [73]. Another well-known algorithm is the Simulated
Annealing which mimics the cooling of metals to find global optimum [73]. Some algorithms
simulate the movement of insects or birds to balance search and exploration (Particle Swarm
Optimization, Ant Colony, Crow Search, Firefly, etc.) [73]. These algorithms are usually
easily adapted for parallel computing, and they generally do not require gradient [73]. They
do, however, require an enormous amount of evaluation which can make convergence rather
slow. Still, with enough time and computation power, they generally converge toward a global
minimum [73].

Global optimization schemes and meta-heuristic methods are zero order approaches, that is
they do not use gradients at all to decide which points to evaluate next. However, most struc-
tural optimization problems have available gradients, even though they can be expensive to
evaluate. As MMA uses gradient approximations to leverage the gradient without evaluating
them at each iteration, it is often considered the most efficient algorithm for large-scale struc-
tural optimizations. Nevertheless, contrary to global and meta-heuristic approaches, they are
highly likely to find sub-optimal local minima rather than the global minimum. A reasonable
approach used is to use global schemes to find initial values, then use gradient descent to
polish the results into feasible optimum [77].

2.3 Novel Stiffening Patterns for Compressed Stiffened Panels

In section 2.1, we discussed advances in the modeling, analysis and optimization of commonly
used stiffened panels. There are few works that challenge the orthogrid configuration and in
this section we discuss some innovative patterns that have been studied in the literature.
The patterns presented here have not been obtained by topology optimization, but have
been designed from the experience of industrial and academic researchers. In this shortlist of
innovative panels, we find the buckling containment features (BCF) [82], and the curvilinear
stiffening patterns [83,84].
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2.3.1 Buckling Containment Features (BCF)

The idea of using sub-stiffening patterns to reinforce the buckling of plates has first been
introduced in [28] as a way to leverage new discoveries in aluminum properties that were
able to increase significantly the damage tolerance and limit residual stresses. Sub-stiffening
patterns were developed in the hope of reducing the possible propagation of cracks into the
panels [28]. In this early work, the sub-stiffening patterns were simple extra thickness located
in the middle of the plate sections.

From there, the research into BCF (See fig. 2.4) stiffened panels have been encouraged by the
development of new manufacturing techniques such as high-speed machining, welding, and
panel extrusion [85]. It is now possible to create prismatic sub-stiffeners that act as smaller
stiffeners that are able to increase the buckling, fatigue and crack propagation in lowly loaded
panels [86].

BCF have been analyzed experimentally and numerically studied in aerospace applications
[3,87,88]. The finite-strip method has been the preferred method of analysis for this type of
panel [87]. Design guidelines have also been issued, in a similar fashion to the usual tables
generally used for stiffened panel design [88]. In a full design activity, the team at Queen’s
University of Belfast was able to reduce the weight of a commercial airplane wing box, by
11% using BCFs [3].

More recent works have also explored more complex sub-stiffening patterns with particle
swarm optimization [84,89].

2.3.2 Curvilinear Stiffeners

The goal of using curvilinear stiffening patterns comes from the advent of the electron beam
free fabrication forming (EBF3). The idea of developping a design and optimization tool

Figure 2.4 Illustration of the BCF as sub-stiffening elements in an orthogrid stiffened panel. [3]
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based on EBF3 dates from 2005, and most work has been initially done on this idea at
Virginia Polytechnic Institute [27, 82]. See fig. 2.5

Since 2005, EBF3 optimization has been extended by multiple new research groups. For
recent analysis improvements a meshfree application has also been proposed in [90], a direct
Ritz in application [91] and an isogeometric analysis that combines modeling and analysis
in [92].

New optimization schemes have also been proposed [83,93–95]. The one that shows the most
promises is the one proposed by Mulani & al. [30]. This scheme uses a two-level optimization.
On the first level one only keeps topological variables, such as position, orientation and cur-
vature [30]. And the second-level focuses on the sizing of the stiffeners and panels [30]. This
allows the mass to be explicitly optimized while doing a proper evaluation of local/global
buckling and fatigue constraints [30]. However, these techniques have limited possible topo-
logical changes, as the number of variables/stiffeners is fixed before the optimization (It is
not recommended to go over six (!) stiffeners for an acceptable convergence rate [96]). Some
meta-heuristics and deep-learning approaches have shown more efficient convergence, but are
still fairly limited [96,97]. The use of curvilinear stiffeners described with splines is challeng-
ing due to the introduction of many variables for each stiffener, creating an enormous and
complicated optimization problem [30].

Another approach for curvilinear optimization is to use a grid layout and use the spacing
of each component as the design variables. This adds the possibility of curvilinear stiffeners,
while limiting the amount of design variables. However, this technique doesn’t allow for any
topological changes [84,98–100].

Figure 2.5 Unitized panel with curvilinear stiffeners [27]
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2.4 Generative Design

Generative design, and its related generative systems, are introduced in section 1.2.5. We
have defined generative design as the process by which generative systems are used to explore
the space of possible designs. Generative systems have been defined by their ability, among
others, to generate complex solutions from simple variables, rules or properties. This section
explores different generative systems across disciplines and how they are used. This helps
us position topology optimization as a generative system, and use lessons from generative
design to improve the search of a systematic search of innovative stiffening layouts.

A particularity of generative design is its use of computational tools during the conceptual
phase of design, whereas more traditional design processes use computational tools, such
as optimization, when the design is more advanced: in the preliminary or more often the
detailed design phase. As such, the challenge of generative systems is not only to find a
minimum value for a set of variables, but also to choose which variables to optimize. That is
why you will find algorithms in the literature simply named "generative design" [101] instead
of "generative system" or "computation design synthesis." Their authors consider that their
algorithm does "design," not only optimization.

In a recent review, there has been an interesting classification of generative systems in the
architectural/engineering/construction domain [54]. The classification is based on the differ-
ences between "conventional" and "performance-based" generative systems [54]. Performance-
based systems are focused on finding the best and optimal solution, generally by using dif-
ferent optimization techniques whereas conventional systems focus on generating solutions
first, then evaluating the performance in the generated solutions.

2.4.1 Classification of Generative Systems

Viewing topology optimization as a generative system allows us to group together optimiza-
tion and exploration techniques that are generally not presented as a single family. This
will help the reader understand the process, ideas and concepts presented in this thesis. To
illustrate these families, we propose the classification of fig. 2.6.

Generative systems have three main characteristics, similar to the structural complexities
identify in the introduction of this review.

Generation The generation capability of a generative system refers to the way it infers
the structure or architecture of the solution from the description of design
variables. Existing systems use a range from completely implicit to detailed
explicit descriptions of the sub-components of the topology. As an example,
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density-based topology optimization uses an implicit generation as there a
no defined components, whereas the moving morphable component algo-
rithms defines explicitly the position of the sub-components.

Representation The representation is the degree of fidelity to reality used by the generative
system. That is, using a high-fidelity model captures more physics based
phenomena, but at the cost of increasing computational costs.

Exploration In generative systems, the focus can either be on finding a close-by feasible
solutions, on finding a global minimum or on only exploring a large design
space. This encompasses a range of systems that can generally only perform
well for one type of task.

On the vertical axis of fig. 2.6, there is the exploration vs. performance focus. What we
mean by that is that some generative systems are more focused on exploring and generating
plenty of solutions, with different levels of performance evaluations, whereas some genera-
tive systems use performance evaluations at each iteration with the objective of finding the
best, and only the best, concept for a given objective. The different optimization algorithms
presented in sec. 2.2 may be used to move along the vertical axis, gradient-based algorithms
are focused on finding the closest local minima. Global search tries to find the global opti-
mum by balancing exploration and search (global search includes meta-heuristic optimization
methods). Evolutive algorithms (not to mix with genetic algorithms) make solutions evolve
(adapt topology) from a given set of rules, based on performance evaluations. Finally, the
most exploratory-focused algorithms are based on grammars to describe and adopt solutions.

On the horizontal axis of fig. 2.6, there is the level of abstraction of the generation in the
generative systems. On the left, we have very implicit topological variables, that is generally
local size variables that change from zero (no material) to one (full material). From this
distribution of implicit variables, it is possible to qualitatively evaluate the topology, which
is usually reinterpreted. Examples of fully implicit variables are the continuum methods of
topology optimization (see 2.5.1). Further to the right, the topological variable gets increas-
ingly explicit, with the end right being a direct topological graph generation. At this level of
abstraction, not only are components positioned in the design space, the way they are con-
nected also evolves directly in a connection graph. That is, the algorithm (be it exploratory
or performance-focused) can directly measure which variables have an impact one another.

Furthermore, the graph shows the different families, or the way the systems are usually
separated in the literature depending on the colors. We have already discussed layout opti-
mization for stiffeners in sections 2.3. Topology optimization algorithms classified in fig. 2.6
are discussed on their own, in the section 2.5. While a different area of research, topology op-
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Figure 2.6 Classification of generative systems. Note that the categories used are conventional
ones, found in the literature. The classification has no "hard" boundaries, they are placed
qualitatively. All of the tools included in this figure are discussed in the next sub-sections.
From left to right, increasingly explicit definition of topological variables. The current research
trends, encouraged by the ever increasing computing powers, has pushed recent research in
topology optimization towards more and more explicit generation. From bottom to top, you
get towards exploration vs performance focus. The difference between research communities
is mostly driven in this axis. Topology optimization is rather focused on find the "optimal"
results and driven by applied science teams, whereas generative systems are more focused on
helping designers and driven by design science teams.
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timization can be considered a performance-based generative systems as it uses performance
evaluation at each iteration to create a single optimal result [102–104].

The graph of fig. 2.6 doesn’t include the representation property of generative systems, as
different levels of simulations were used for a wide range of generative systems. Still, higher
fidelity representations usually require more explicit generation for accurate capture of the
physics of the problems.

The next subsection discusses generative systems that are traditionally found as generative
systems in the literature, split into conventional and performance-based generative systems.

Conventional Generative Systems

Conventional generative systems are defined by their lack of performance evaluation driving
the generation of concepts. The performance is still evaluated, but only once all concepts have
been generated. As such, the biggest advantage of conventional generative systems is that
they are capable of quickly generating innovative geometry even if performance is expensive to
evaluate [53]. However, including these systems in the generative design process is challenging
hence smart "filter and select" algorithm are required to navigate the solution space [105].

In architecture, generative systems are used to inspire architects to find innovative urban
layouts, façades, or buildings [106]. Shape grammars have seen interest in this research area
[106]. However, they are considered challenging to create, as computers are more agile working
with symbols than with shapes [107]. Shape grammars rely on shape generation rules to
iteratively explore novel shapes [107]. Their current implementations are usually limited to
certain architectural types, but are very useful to explore new variations of known styles [106].
Another use case for shape grammars are wheel design, in which combining shape grammar,
topology optimization and deep learning, it is possible to explore the design space extensively
[108].

L-Systems are another type of grammar that allows for parallel rules to be applied simul-
taneously [109]. They are systems that try to mimic the growth mechanism of plants and
have a basis in mathematics [109]. They have been used as generative systems in multiple
work [110–112].

In a broader term, there are also graph grammars (also called design or generative grammar)
that explores the design space in a similar way, but with more explicit variables [113–115].
Simply put, a graph-grammar relies on the description of a solution being fully defined by a
graph, including components description (nodes in the graph) and their relationship (vertices
of the graph) [113]. Starting from any graph, a set of rules (grammar) is defined that can
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alter the graph in a specific way [113]. Graph-grammars have been used with success for the
design of hybrid power trains and the synthesis of gearboxes [113]. However, they are largely
unsystematic and there is no consensus on which strategy to adopt for rigorous writing of
the grammars [116]. Some recent work has put forward some rigorous design methods for
graph-grammar [50,113]. Graph-Grammars are more powerful than shape grammars, due to
their capacity of creating with two sets of rules: the topological rules and the parametric
rules [50, 117].

Some work in generative design is focused on the aesthetic of the solutions or on creating
CAD-friendly structures, using NURBS, splines and other mathematical descriptions as the
design elements [118]. Some CAD-focused solutions also focuses on simpler parametric sys-
tems [119]. The challenge associated with these systems is building the link between CAD
and CAE systems, which can be helped by sequential convergence/divergence processes [118].

Although barely studied as a generative system, "cellular automata" have fascinated computer
scientists for decades [120]. They have been more recently fitted for architectural design
[120, 121]. Cellular automata are a distributed grid of cellular "robots" that responds to
specific rules toward their environment [121]. They are better known in a popular "game"
called the game of life [122], in which specific local rules create complex behaviors.

To help the designers navigate enormous design spaces, some strategies have also been devel-
oped to identify similarities between solutions [123, 124]. Similarity-based algorithm allows
the computer program to skim through all proposed solutions and ensure that say, the ten
presented solutions to the designer are all significantly different. A similar idea is pushed
through history-based filtering that is very useful for parametric approaches [125,126].

Performance-Based Generative Systems

Performance-based generative systems offers more robustness to the generative systems, by
using performance analysis throughout the design process [127]. This allows the system to
generate mostly feasible solutions, making the job of engineers during the generative design
process easier, with less filtering and selecting to do [127]. Still, this comes at the cost of
much more computing power which reduces the total number of solutions. Depending on
the generative system, this can greatly reduce the innovation of the systems. Meta-heuristic
algorithms, such as the genetic algorithm and particle swarm optimization, and evolutive
patterns are generally used for the design exploration [128,129].

The link between the generative systems and the performance evaluation is generally a major
limitation to the implementation of such systems [128]. Still, it offers a main advantage over
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conventional topology optimization: An explicit description of the design problem [128].

Multi-agent societies are another approach to push the generative system toward interesting
solutions, especially in the applications of problems where the best compromise is not obvious
[130]. Combining agents with deep-learning techniques has shown get promises [131,132].

AutoDesk has seen some recent papers using their so-called generative design tools, with a
robotic manipulator and a wind turbine design [133,134]. The tool has shown interesting and
unique results, but since it is a black box for users and researchers, the papers note that the
control of the output is difficult to manage and explain.

Some work combines more conventional approaches with a heuristic analysis. In [135], pro-
jected internal forces are used in combination with shape grammars to decide where to
add new components. In [136], displacement fields are translated into design rules and tree
searches.

2.4.2 Integrating Generative Systems in the Generative Design Approach

The biggest difference between the generative design approach and more traditional design
theories is that instead of starting from requirements and creating feasible solutions, the
designers use generative systems to create solutions that are then filtered. The design pro-
cess then becomes mainly centered around navigating and exploring the solution space and
adapting the generative systems if solutions are not acceptable [137].

An experiment with senior designers shows that most designers follow a similar pattern
for navigation. First, observing and learning about the proposed solution, what can they
learn from the available solutions? Secondly, they set qualitative criteria that allows them
to segment solutions into subgroups. Some subgroups are quickly eliminated, others put
forward. Subgroups are then made into smaller sub-groups. This process usually goes on until
some solutions are considered convincing [137]. This study puts forwards the need to help
designers cluster the solutions and display them in efficient manners to avoid overloading the
designers [137]. Similarity-Based generative systems are especially useful for helping engineers
navigate the solution space [124]. Other solutions include interactive displays, galleries and
performance mapping [138].

In multi-objective optimization, the generative problem has also been raised. In this research
area, the solutions are displayed on Pareto fronts, showing optimal compromises of certain
solutions. However, for more than two, sometimes three objectives, it becomes increasingly
complex to understand the compromises being made on the Pareto Front [139].

Two cases studies are discussed in [55], in both technical and artistic applications. We focus
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on three challenges identified in the paper. First, pre-processing, that is choosing the right
parameters, design space and which performance measures to be left evaluated by the user or
automatically evaluated. Secondly, choosing the right optimization parameters and the right
generation (implicit or explicit?) is challenging. Finally, integrating generative systems in the
current design process is made more difficult by the integration with commercial design and
analysis tools. In summary, generative systems require a completely different approach to
design than traditional design, which makes it difficult to be integrated into current design
teams [55].

In topology optimization, current design methods simply include a few topology optimization
runs before going to the more detailed design [140]. This allows for an easier integration with
the current design process. However exploration is very limited with this approach.

An adequate generative design approach should include aspects of both systematic design
theories and social design theories, as discussed in the section 1.2.4. In fact, designing the
generative systems becomes the act of design per se. The systematic approach is done by the
generative systems, letting the computer and its algorithm explore the design space according
to the developed rules. And the rules are developed not only by coding the engineers first
intuition, but including a social process of discussing and developing the generative rules.
This process becomes closer to a brainstorm, or political debate, rather than a systematic
design approach. As stated in collaborative engineering [19], infused design [42] and C-K
theory [43], it is in this conflict of ideas that we could be able to open up new creative design
rules and grammars, opening up innovating possibilities.

Figure 2.7 Design method with topology optimization during the conceptual design phase
[140]
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2.5 Topology Optimization Methods and Aircraft Applications

Topology optimization, in its widest definition, is an optimization tools that seeks an opti-
mized topology or a functional material distribution with respect to a set of objectives and
constraints. It has been used in multiple disciplines such as structures, radio and heat dis-
tribution [141,142]. This thesis, and literature review, focus sorely on structural applications
of topology optimization. Moreover, there are multiple approaches to topology optimization.
This section of the literature review explores those approaches through the algorithms and
their use in the design of structural components.

Historically, topology optimization has emerged from structural optimization research [2].
Prior research areas are defined as size and shape optimizations. However, both of these
structural optimization tools are usually used more down the road during the detailed design
phase, whereas topology optimization is used at the conceptual design phase. At this stage
of design, there is still a significant amount of uncertainty in the project. Still, this is where
topology optimization has proven to be especially useful in improving performance and/or
reducing the weight of components [13, 38]. Topology optimization has seen more and more
popularity in industrial applications due to innovation in manufacturing techniques, such as
electron beam free-form fabrication and additive manufacturing [36].

Throughout the last decades, there has been a lot of new approaches that have been proposed,
and this section will discuss the main ones. Some less popular approaches are also discussed
at the end. As noted by Ole Sigmund in his review, most of these methods seeks to find
the best topology, they are not designed as exploration tools [76]. This is why in this work
topology optimization is placed low on the exploration axis of the classification of generative
systems (see fig. 2.6).

As such, we will discuss topology optimization methods from most implicit to most explicit.

1. Continuum methods

2. Ground-structure methods

3. Level-set methods / Phase-Field

4. Moving Morphable Components

5. Novelty Approaches

2.5.1 Continuum Methods

The continuum methods have been at the forefront of research for a while now [76] and have
been the flagship of topology optimization in industrial applications [141] and commercial
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software [79,143].

These methods breakdown as: Homogeneous, hard-kill and density-based approaches [141].
Homogeneous is the "ancestor" of continuum methods and is rarely used in recent research
[144]. It consisted of assigning a microstructure to each element of the FEM and optimizing
for the microstructure properties [144]. Hard-kill methods such as evolutionary structural
optimization (ESO) and its more recent version bidirectional-ESO (B-ESO) make regular
appearances in the literature, but are generally considered less performant in convergence
and stability than density-based methods [76, 145, 146]. They are heuristic methods based
on "evolutive" rules [146]. Finally, density-based is the most popular algorithm and is used
widely, especially using the Solid Isotropic Material Penalization (SIMP) formulation [76].

The strength of SIMP relies on an implicit variable description of local density (varying from
0 to 1) assigned to each element of a finite-element model [2]. With the density variable, it
changes the constitutive equation of the model for each element with equation 2.9.

Ei = E0ρi
P (2.9)

where Ei is the Young’s modulus of the element x, E0 the material’s Young’s modulus, ρ the
density variable of elements i and P the penalization factor.

The penalization factor is the main success driver of SIMP. It allows a continuous density
variable, which allows gradient-based optimization solver to be used, while ensuring that most
elements will have easily interpretable void (ρ = 0) or full (ρ = 1) density. As seen in fig. 2.8,
the only intermediate density (0.3 to 0.7) is at the boundaries of full/void elements. Using
qualitative assessments, it is possible to extract visually the topologies that are proposed by
SIMP.

SIMP offers a tremendous design freedom to find innovative, and sometimes organic, mate-
rial distributions [147]. The main strength is its ease of use and implementation. Multiple
academic codes, such as the 99-line MATLAB implementation has tremendously helped the
development of the technique [148]. SIMP also has some limitations.

First, due to the implicit nature of the design variables, it is limited to low-fidelity analysis.
Using compliance as the optimization objective and volume (or weight) as constraints offers
relatively quick and stable convergence. However, using more complex constraints, such as
stress, buckling or fatigue leads to convergence challenges [2, 149]. Multiple objectives and
multiple load scenarios have also been studied [149].

Also, again due to the implicit nature of the material distribution, it often arises that the
interpretation of the result yields lesser improvements than what might be expected [39].
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Figure 2.8 Illustration of density in a SIMP topology optimization [2]. The values represent
the resulting density of each element, thus changing the Young’s modulus of said elements.
The force F is applied at the middle of the exterior face.

Finally, SIMP (as well as B-ESO) requires important regularization schemes to ensure conver-
gence toward proper results [150]. Complex manufacturing filters are also required to ensure
results which comply with more standard manufacturing techniques, such as extrusion and
casting [143]. Still, additive manufacturing has shown incredible promises when combined
with SIMP [150].

Due to the interpretation time, design and analysis automation are very difficult to achieve.
Depending of the size and complexity of the problem at-hand, an adequate interpretation can
take multiple hours to a couple of days by experienced engineers. In most cases, interpretation
is driven by other design constraints, based on product knowledge, manufacturing or other
criteria that can hardly be coded directly in the optimization algorithm. Multiple works have
been done to answer this challenge [151,152], but none has proposed a complete framework.

SIMP has been used in many applications for the aerospace industry, Zhu proposes a large
review on the subject [13]. More recent work includes the Giga-Voxel project which used
billions of design variables for the optimization of a complete wing box [39]. Stiffened panel
optimizations focusing on the optimization of existing stiffeners (these works do not change
the existing layout) [153, 154]. In [155], the design space of a wing box has been segmented
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at the existing ribs for a buckling optimization. Finally, works discussed in [156] proposes an
optimization of stiffener placements for ribs that also optimizes the loads from multi-fastener
joints.

2.5.2 Truss Optimization (Ground-Structure)

Truss topology optimization, also often called the ground-structure method, is the oldest
topology optimization method and is still relevant today [157]. The first algorithm with
continuous variables is proposed in 1964 [158] and the first discrete algorithm in 1968 [159].
Contrary to continuum topology optimization techniques, truss topology optimization uses
an already defined design space containing all the possible trusses, this is the so-called ground
structure (see fig. 2.9).

Due to its long history, it has been noted that techniques and algorithms are often rediscov-
ered in this field, with new researcher generations recreating old algorithms, simply taking
advantage of the better computational power [157]. Still, new ground-structure algorithms
and applications are presented regularly [157]. Ground structure has mainly been used for
the design and analysis of large-scale structures such as bridges, cranes and buildings [160].

Even though the ground-structure approach limits the design freedom, compared to contin-
uum methods, it allows an efficient gradient descent with explicit components. This allows
more complex physics to be accounted during optimization [157]. However, the problem with
ground-structure variables is that it doesn’t scale particularly well with denser ground struc-
tures. The number of design variables increases exponentially, and even for the case with
available analytic gradients, the evaluation of each gradient becomes prohibitive [157].

For these problems, there has been a continued interest in derivative-free techniques using
discrete variables [157]. Contrary to discrete continuum methods ((B)-ESO), the discrete
approaches in ground-structure approaches have had success in finding interesting topologies
with an acceptable convergence rate [157]. Meta-heuristic solvers are relatively popular with
discrete topology optimization, such as the genetic algorithm, particle swarm optimization,
ant colony search, etc. [157].

For discrete ground-structure problems, global optimization schemes using mixed-integer
variations have proven to be effective at small scales, but also suffers from large ground
structures [157]. Deterministic heuristics while not very efficient at researching the design
space, offers an efficient method that converges quickly [157]. An example of a deterministic
heuristic methods is presented in [161], where all design variables are scaled to [−1, 1] and
using a gradient evaluation, trusses are removed or added iteratively.
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Figure 2.9 The ground structure [2] (left) and a result of truss area optimization from the
ground structure (right). The design variables in this example are the thickness of the trusses,
illustrated with varying thicknesses of lines. The force F is applied at the middle of the
exterior face.

Not all truss topology optimization approaches are based on the ground-structure methods.
There has been some work to "free" the trusses from the original grid. This allows more
freedom while keeping the number of design variables low. A good example is presented
in [162] where the ground structure expands during the optimization as more trusses are
required and using a mixed-integer approach to choosing the activated trusses. In [163], the
planar truss optimization is enhanced with grammatical evolution. This method is similar to
some design grammars discussed in some traditional performance-based generative systems.

As noted earlier, ground-structure methods are mostly used on large-scale structures. Still,
some works have used the method for aerospace structures. In [164], a mixed-integer approach
using multi-level optimizations seeks to optimize not only structure, but also operations
during topology and sizing optimization. In [165] [166] and [167], the ground structure is
used to position the ribs in a commercial aircraft wing box. There has also been applications
in morphing wing design [168].

2.5.3 Level-Set Methods

Level-set functions have first been used to model the evolution of interfaces in multi-phase
flows and in image segmentation [4]. Then, in optimization, the nature of the level-set has
evolved from shape optimization toward topology optimization when it gained more design
freedom. It still uses shape derivatives to drive the optimization, but allows interfaces to
disappear (and some algorithm allows re-apparition, but this hasn’t been shown as efficient)
[4]. Put another way, the level-set method for topology optimization is a generalized shape



38

optimization.

Level-set is usually also classified in the continuum topology optimization, but there is a
fundamental difference with this method which sets it in its own category. Continuum and
truss methods use comparatively implicit topological variables (i.e., density or thickness).
Whereas for the level-set methods the contours of the material distributions are used for
layout generation [76]. Still, the contours are not described as explicitly as in CAD software
(which uses mathematical lines and surfaces tools such as b-splines) but with an implicit
generation from the level-set functions [76]. As such, in the generative system classification
(fig. 2.6), we position the level-set methods at the right of continuum and ground-structure
methods.

Having a clear boundary definition is one of the main strength of the level-set methods, which
allows for a crisp definition of the material distribution and no interpretation of half-density
(fig. 2.10). It works by defining level-set functions in the design space and setting a threshold
on full and void elements. The level-set functions are aggregate of local basis functions, often
a radial basis function [4].

The level-set method is relatively complex and requires multiple steps, including regular-
ization schemes like the density-based methods. It is able to have stable convergence in a
larger and more complex physics than other continuum methods [169]. However, there are
still major setbacks in the use of level-set in a design process.

The algorithm is highly dependent toward the initial interfaces in the design space, all results
are local minima. The design space is highly concave [4]. Secondly, nonlinear constraints tend
to create oscillations on the interfaces, which makes the optimization stuck in loops without
proper convergence of optimization [4]. Still, tools like Fusion 360 by AutoDesk leverages
this dependency toward initial values in their generative design [101]. This allows for a more
exploratory approach to the usual "optimal" approach used in topology optimization.

Some recent work includes a rewrite of the algorithm for GPU solving [170]. These methods
leverage an isogeometric analysis instead of a finite-element analysis, which allows a very
quick rewrite of the static problem using the level-set directly. Level-set by optimizing directly
with surfaces allows for an easier implementation with CAD software, as described in [171].
A multi-material method is proposed in [172].

For the design of aircraft, the level-set method has been applied to some projects. Using the
level-set method, Townsend proposes a stiffened panel and wing box optimization method
including buckling, however it still uses implicit modeling, which only captures the buckling of
the skin [173]. In [174], the level-set method is used for multidisciplinary optimization, where
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Figure 2.10 The level-set method with initial hole positions (left) and a result of optimization
(right) [4]. In green, where material is "full" and the other regions are considered "void". The
force F is applied at the middle of the exterior face.

not only is compliance studied, but the coupling with aerodynamics allows for interesting
results. A topology optimization of ribs in [175] has leveraged the level-set method to minimize
the dynamic effect of fuel moving in the wing (called slushing).

2.5.4 Moving Morphable Components

The moving morphable component (MMC) method is the youngest topology optimization
method, and continues the trend of using more explicit optimization variables [5]. Due to
its very recent introduction, there is no current review or state-of-the-art available. It has
been first introduced in 2014 [5], and very similar method has been presented shortly after
from a different research group [176]. The main advantage of the MMC method is that they
consider variables explicitly, with only angle, position and morphing variables, as shown in
fig. 2.11 [5]. They use a projection scheme and the ersatz material to create the analysis
models on a fixed grid [5].

There have been many papers by the main research team at Dalian University of Technology
since its introduction. Here is a non-exhaustive list of interesting papers for research in MMC
topology optimization [177–181].

The main current challenges are related to the number of iterations required for conver-
gence. For example, the 99-line SIMP MATLAB code from the Denmark Technical Univer-
sity requires about 30 iterations for complete convergence, with a very quick gradient evalu-
ation [148]. The equivalent code proposed by Zhang in [182] takes a few hundred iterations
for the same problem, with a very similar solution.
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Figure 2.11 MMC method with initial member positions (left), a result of optimization (right)
and commonly used design variables for each morphable components (bottom) [5]. In red,
where material is considered "full" and the rest is considered "void. Where F is the applied
force. The other variable are the explicit topological variables of each components, where θ
is the angle, x and y the position, W and L the width and length.
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Nevertheless, the main advantage of this method is the explicit description of the topolog-
ical variables, which allows for more complex analysis tools to be used directly during the
optimization [179]. Placing the MMC on our generative system classification still is not com-
pletely on the explicit right, as the connections between components is still not explicit. To
remove material in the design space, the MMC relies on "hiding" superfluous components
between useful components. This creates a similar problem to the level-set methods, where
"hidden" components have no active gradients, which does not allow them to reappear in the
solution, if required.

Since its recent introduction, it has also been used in many different areas of applications.
For aircraft design, it has been used for stiffened plate optimization with buckling constraints
only in 2020 [183]. This application, while promising, suffers from difficult convergence, no
exploration and an implicit buckling buckling of the skin only.

2.5.5 Novel Topology Optimization Approaches

This subsection mentions some approaches that have been published in recent years. These
methods are also placed in the generative system classification of fig. 2.6. Some of them get
outside the scope of usual topology optimization with more exploration than performance
focus.

Notable mentions are two recent bio-inspired methods, adaptative morphogenesis [184, 185]
and space colonization algorithms [186]. The adaptative morphogenesis has been applied
for stiffened panel design [184]. It works by starting from "seeds" and having them grow
iteratively to create complex stiffening patterns [184].

L-Systems have been discussed in conventional generative systems. In a recent work, Biele-
feldt has proposed an L-system generative system (called SPIDRS) for aeroelastic topology
optimization [187]. Contrary to more traditional L-Systems, they have coupled the system
with a performance focused genetic algorithm rather than an exploration [187]. This required
more than a thousand design candidates per generation for a thousand generations [187].

There is also the graph-based optimization algorithm [188] and more recently [136]. In [136],
the topology optimization process is based on graph-grammars (discussed in section 2.4).
Using a seed and a displacement field, it uses the grammar to choose where to place new edges.
It does not use a genetic algorithm to optimize the sequence of the grammar, but rather uses
the stochastic decisions combined with the grammar to explore the design space thoroughly,
by ensuring every change has an effect on the topology [136]. As the design space is explored,
he then optimizes in the solution space rather than the design space. Since generation and
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optimization are separated, the process is rather efficient and the results impressive. A more
recent work by short has tried to increase the efficiency of the exploration phase by improving
decisions as a tree search algorithm [189].

2.5.6 Challenges of Nonlinear Constraints in Topology Optimization

All techniques of topology optimization presented above were first born as compliance min-
imization problems. Compliance is often measured as the sum of strain energy present in
all elements [2]. By minimizing the compliance, we ensure the minimal displacement of the
nodes for which loads are applied, that is we ensure structural integrity [2]. This formula-
tion is usually capped by a volume fraction constraint which is chosen by the user, allowing
a proper control of weight of new components. This formulation has the main advantage
of being convex for continuum optimization techniques, which ensures a quick and global
convergence [141].

Compliance only does not always yield optimal structures, other structural considerations are
essential for proper material/component distribution such as stress and stability (buckling)
and must be considered for really optimal solutions [190]. These are considered nonlinear
optimization constraints as there is a high coupling between design variables and the resulting
stress and stability responses [66]. They create three main identified problems for gradient
descent: The singularity problem, the local nature of stress constraints (and thus buckling),
the nonlinear nature of stress behavior [190].

The singularity problem has been generally solved in the literature using relaxation or pe-
nalization techniques [190]. The local nature of stress is circumvented using aggregation
techniques such as the P-Norm or the Kreisselmeier-Steinhauser (K-S) techniques [190].
Those same techniques can be used to aggregate the eigenvalues to help with buckling con-
vergence [191]. Aggregation techniques are not perfect, though, they offer poor control on
stress levels and a high nonlinearity in the aggregation functions may create unstable conver-
gence [190]. Block and cluster aggregation may help with the convergence instability [192].

General optimization considering buckling constraints are also prone to mode switching and
repeated eigenvalues [190]. This can generally be alleviated by using many eigenvalue modes
(over 50 is reported) rather than the usual 10 which are often found in the literature [193].
In addition to this, for topology optimization, pseudo-buckling modes can arise in "empty"
elements of the design space. This creates convergence issues and erroneous measures of the
sensitivities, which leads to slow convergence [190].
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2.6 Conclusion on State-of-the-Art

We have first discussed the object of the design problem: the structure of the wing box, and
more precisely its main components the stiffened panels. The current challenges of innovation
for stiffened panels are linked to general structural complexities related to analysis, model
and optimization. For each of these complexities, current methods may easily tackle one at a
time, but no techniques can handle the three of them. This leads towards rigid computational
tools, greatly limiting innovation to known solutions.

The limitations we have identified in structural design are faced in any design problems that
rely intensively on computations to evaluate new designs. A key takeaway, is that without
infinite computing power, any generative systems have to compromise between the repre-
sentation (analysis complexity), the generation (modeling complexity) and the exploration
(optimization complexity).

The current big families of generative systems are positioned according to their choice in
the matter of exploration, conventional systems are focused on exploration and performance-
based systems are focused on local optimization.

We have positioned current topology optimization approaches as part of the performance-
based family, as it greatly focuses on finding a local optima, rather than exploring the design
space towards innovative solutions. The current trends in topology optimization have seen the
focus change from implicit generation (SIMP) towards explicit boundary conditions (level-set
method) and now explicit position and rotations of components (MMC). This more explicit
generation, in time, should also make higher fidelity representation easier to implement, in-
cluding stress, buckling and fatigue. Still, a major limitation of current topology optimization
lies in the fact that the focus is on local optimization. Yet, in industry and in design articles,
topology optimization is often used as an exploratory tool to inspire designers during the
conceptual design phase [143]. More specifically, using topology optimization has shown mul-
tiple challenges for the design of stiffened panels. A higher-fidelity representation is necessary
to capture buckling accurately, which makes the addition of exploration even more difficult.

Integrating generative systems such as topology optimization in the design process is part
of generative design. As generative design uses a bottom-up approach to design, it is not
necessary to implement all the requirements directly into the generative system. Using this
systematic approach to explore ensures a more thorough exploration of the design space.
The new conflicting solutions should hopefully spark creative ideas and allow the creation of
efficient solutions.

In architecture and aesthetic design, the conventional generative systems with no performance
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analysis provide a useful solution space from which to select innovative layouts. However, in
mechanical design, performance-based generative systems are necessary to provide a good
framework to find mostly feasible solutions quickly. There are multiple lessons to be learned
from these generative systems to improve topology optimization of stiffened panels. Still, it
should be noted that generative systems are developed for ad-hoc applications, and as such
a difficult to generalize for different problems. As such, the work in this thesis focuses only
on aircraft stiffened panel design.

The next section will discuss the scope of the project that has arisen from using topology op-
timization to find innovative stiffened panels. We give a brief presentation of the overarching
ideas of the thesis and a summary of the articles to help the reader navigate the thesis.
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CHAPTER 3 GENERATIVE DESIGN APPROACH FOR STIFFENED
PANELS

In the last chapter, we discussed the trends and limitations of topology optimization when
used as a generative system for the design of stiffened panels. For generative system, three key
properties are put forward, that is representation, generation and exploration. For topology
optimization, current techniques focuses only on improving the flexibility of generation at
the expanse of representation and exploration. On the other side, conventional generative
systems focus on exploration and finally performance-based generative systems focus on good
representation and balanced exploration.

To use generative design for the application on stiffened panels layout, a rebalance of the
three key properties of the generative system is required and as such, this research project
seeks to evaluate different ways to do so.

3.1 Generative Design Framework

Through the work presented in this thesis, we assess and develop different computational
and design tools to enhance and rebalance existing generative systems based on topology
optimization. We think it is central to improving the efficiency of these tools within the
generative design framework. While the focus of this thesis is on layout optimization of
stiffened panels, we developed at the same time a comprehensive design and optimization
workflow for any generative design. The proposed generative design framework is split in two
processes: Deployment/Design of the generative system and the filter/validation process.

The choice of the generative system really depends on the problem at hand, as such the de-
ployment strategy for generative systems is mainly centered around identifying and choosing
the right one. As such, the workflow is described as follows:

1. Set the product/system requirements: functions, components, design rules, boundaries,
etc.,

2. Explore different types of generative systems and evaluate their properties: represen-
tation, exploration and generation,

3. Discuss expected results with field experts,

4. Implement a generative system,

5. Develop an interpretation, filtering and validation process, automatic or not,
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6. Adapt or change the generative system if results are not satisfying.

Within this strategy, the layout optimization of aircraft stiffened panels becomes:

1. Define the boundary conditions, manufacturing rules, design rules,

2. Explore different types of generative systems and evaluate their abilities with respect
to generation, representation and exploration,

3. Discuss expected results with aircraft experts (designers, analysts, manufacturers),

4. Develop an interpretation process of optimization results in FEM,

5. Implement topology and sizing optimization,

6. Use nonlinear post-buckling for validation,

7. Adapt or change the generative systems if results are not satisfying with their perfor-
mance, feasibility or innovation.

Our design requirements have been defined by a succession of discussions with engineering ex-
perts at Stelia Aéronautique Canada, our project partner in the MuFox collaborative project,
and were revised regularly as the project progressed. The articles presented in this thesis put
forward multiple tools, lessons and algorithm for different aspects of generative design specific
to aircraft structure design. For every proposed tools we evaluate their capabilities to meet
design requirements and constraints, by following a precise sequence of steps:

1. Generate concept/topologies/layouts (Using any generative system),

2. Filter infeasible concepts,

3. Use size and shape optimization (Using explicit models and medium fidelity represen-
tation models),

4. Filter low-performing concepts,

5. Validate promising concepts for requirements that are more expensive to evaluate (Us-
ing explicit models with the highest fidelity representation models).

3.2 Summary of Articles

In the first article, Image-based Truss Recognition for Density-Based Topology Optimization
Approach we have worked on automating the integration of density-based topology opti-
mization into the generative design approach. This work uses the SIMP method, a topology
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optimization algorithm that uses implicit generation, low fidelity representation and gradient-
based optimization. Integrating the implicit results from SIMP into a filter and validation
process is an active challenge for automation. Still, we have shown that it is possible to extract
an explicit model from an image of the density distribution. This can be used to automate
the sizing and validation steps of generative design. Note that at the time of publication, we
discussed "low/high level of abstraction" instead of implicit/explicit generation.

In the second article, On Generating Stiffening Layouts with Density-Based Topology Opti-
mization Considering Buckling we attempt to use medium cost representation in the implicit
generation of SIMP, while leveraging different initial values to increase exploration. In the
approach presented in this article, randomized initial points are used to improve exploration,
rather than just changing the optimization parameters which is commonly done in the indus-
try. The article includes a simple case study, which explores on the properties of the design
space of a seemingly simple case. In an experiment of 500 runs, the best performing minima
is found only a few times, whereas sub-performing topologies are found often. Using these
results, it is concluded that using SIMP for generation while increasing representation and
exploration is possible, but computationally expensive and inefficient.

In the third article, Topology Optimization for Stiffened Panels: A Ground-Structure Method
we propose a ground-structure method for stiffened panels. A ground-structure like approach
is chosen for its ease of implementation and for its more explicit generation that allows for
an easier use of buckling representation during optimization. The ground-structure approach
uses a predefined set of possible reinforcement in the design space, which is decided explicitly
by the designer. From this general approach, we developed a specific method for stiffened
panels by combining density and sizing optimization variables. Like in the previous article,
randomized initial points increases exploration of the design space. For our simple test case
computation time is rather high, though comparable to SIMP. Still, results are more varied,
coherent and easier to interpret, which is an improvement over SIMP for our application.

In the final article, Complexity-Driven Conceptual Exploration for Aircraft Structure (CD-
CEAS) we combine multiple approaches to again try to find an improved balance of generative
system properties within a new algorithm. With CD-CEAS, we propose to leverage complex-
ity analysis to ensure simpler and more robust solutions. The algorithm allows for an efficient
search using the basic Burst algorithm and an explicit generation using a graph-grammar. As
the generation is completely explicit, using higher fidelity representation is possible, though
computation cost increases quickly. We showcase the efficiency of the algorithm with case
studies commonly used in stiffened panels optimization problems. Using complexity, it ap-
pears that even without assessing buckling during optimization, the new layouts can easily
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be adapted as they were kept with low complexity.

In summary, the articles of this thesis discusses balancing representation, generation and
exploration. For this purpose, new algorithms and tools were implemented as illustrated in
fig. 3.1.

In the figure, it appears that making SIMP and ground-structure more exploratory led to
new computation challenges and the original approaches were not adapted for this balance.
The proposed algorithm to ease interpretation automation of SIMP results has proven to
be efficient as post-processing tool. Despite that, we see that SIMP major weakness is in
the design space exploration capability. An algorithm which automate the search by starting
from multiple initial points, showed to be blocked by the nature of the implicit representation,
which suffers local minima road-blocks. Thus, we didn’t find a real potential in revealing useful
unexpected information in the application of SIMP in this test case. Finally, the most effective
approach is done using a layout optimization specific algorithm (EBF3) for representation
and creating a novel generation and exploration algorithm that we named CD-CEAS.

Figure 3.1 Balancing topology optimization towards a focus on exploration using more explicit
generation. This approach has helped the algorithm use higher fidelity models which reduces
the amount of rework required in preliminary and detailed design.
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Abstract

Topology optimization is a tool that supports the creativity of structural-designers and is
used in various industries, from automotive to aeronautics, to reduce design iterations towards
obtaining the optimal structure layout. However, this tool requires both time and experience
to interpret the results into manufacturable and reliable structure layout. To improve this
aspect, an interpretation support tool is being developed by our research team based on
industrial knowledge and axiomatic design principles. This design tool will be very useful
for aircraft structure development, for instance, as it aims to help the structural designer
in the conception of stiffened panels. The tool has been divided into three modules: feature
recognition, feature analysis and design support. This paper presents the first of the three
modules that identifies the trusses of the optimized topology in terms of truss recognition
algorithms. The purpose of the truss recognition algorithm is to translate the densities of
the element of the optimized topology (low-level abstraction) to a skeletal structure (high-
level abstraction) that contains nodes and branches that describe the same topology as the
optimized topology. It should also ensure that the structural skeleton retains connectivity with
loads and boundary conditions. The information may then be used by the design support
tool for analysis, comparison, decision-making, design and optimization purposes. To do so,
a novel image-based method using a binary skeleton is proposed. For this work, we identified
multiple limitations existing in similar solutions and we mitigated them. Therefore, a new
skeletonization method is proposed, which is specifically designed for truss recognition in
the optimized topology. The capabilities of the skeletonization method are demonstrated by
comparing it with existing methods, and the truss recognition algorithm is used with a test
case exhibiting the algorithm’s capabilities on an airplane wing box rib.
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4.1 Introduction

Topology optimization while technically challenging, can help achieve great economic gains by
allowing more freedom to the optimization process [146]. The goal of topology optimization
is to find the optimal material distribution for a given set of boundary conditions [2]. It is a
powerful tool to support design creativity and offer solutions that are not initially apparent
to the structural designer [38,194]. Its impact on a design is more noticeable when used from
the beginning of the design process, i.e. the conceptual phase [195]. A common technique
implemented in multiple Finite Element Model (FEM) commercial software is Solid Isotropic
Material with Penalization (SIMP) [141]. Optistruct from Altair uses this algorithm and is
used in this work to generate the topologies used for the truss recognition.

The following procedure defines the design work that integrates topology optimization. It is
a simplified version of the procedures from Buchanan and Bremicker [6, 140].

1. Problem definition/pre-processing

2. Topology Optimization

3. Design interpretation (From the study of topology results, design a feasible structure)

4. Sizing

5. Computer Assisted Design (CAD) prototype definition

Including topology optimization into the design process has proven to be very challenging.
This is mainly due to the design interpretation step. Furthermore, due to its nature, topology
optimization proposes "optimal" shapes, thus it is important to understand that only the
topology or the layout should be used. In addition, the resulting shapes should not be
directly used as structures [194,195]. Topology optimization remains a source of inspiration,
for design engineers, to discover new topologies; hence, the interpretation will be different
depending on the user.

Topology optimization requires extensive knowledge of both the problem at hand and the
optimization process [38]. One design strategy, developed by Dugre et al. [196], is based
on axiomatic design and topology optimization. This strategy analyzes multiple Optimized
Topology (OT) to define the function of each component. The interpretation of OTs is looped
back to the initial objectives of the optimization defined through axiomatic design mapping.
The results are conclusive, even for a complex problem such as a pressure bulkhead submitted
to an out-of-plane loading. Furthermore, optimization design like the work published in Zhang
et al. [197] have manually interpreted their OTs with skeleton information. Automating this
step would have been useful for this work.



51

The work presented in this paper details the first step in developing a tool to support struc-
tural engineers in the interpretation of topology optimization results. The goal is to ease the
design interpretation process for standard recurrent aircraft components, such as airplane
wing box ribs.

There are two recognized family of methods of OT interpretation, the most popular one
are the shape interpolation schemes, but there are also the skeletal interpretation methods.
Ultimately, we would want our design tool to integrate both shape interpolation and truss
recognition. Shape interpolation schemes are well understood and multiple tools already exist
in this area, while truss recognition schemes are more rare and much less robust. This is why
truss recognition is developed in this paper.

Furthermore, it is to be noted that this work is not grounded into a mathematical or theoret-
ical background, but based on the engineering process that has been built throughout years
of experience and research work. As such, it will try to mimic the analysis and synthesis the
work of engineers [38,196].

One of the key aspects of the interpretation step is the optimization parameters analysis, that
is, the work carried out to understand the impact of the different parameters on the design.
Among these parameters are the meshing, the filters and the optimization parameters. This
step is hard to automate because the results from topology optimization are presented in
the form of a finite-element model, which offers only the optimized density values of each
element, considered as low-level information. In other words, there is no level of abstraction
to manipulate the object so it cannot be easily converted into an object-oriented design tool.
For a design support tool, it is necessary to allow the extraction of high-level information
from the FEM, such as nodes and branches that are easy to handle by the object-oriented
approach.

This paper is divided into four sections. First, the current methods of topology optimization
integration, interpretation, and recognition are discussed in a brief literature review. Second,
the developed algorithm is presented and applied to a cantilever beam, as an example. Third,
a comparison with existing skeleton-based recognition methods is done to provide insight on
the advances achieved by the method proposed in this work. Finally, a case study is carried-
out using an airplane rib to illustrate the industrial potential of the proposed method.

4.2 Literature Review

Topology interpretation algorithms are generally divided into two main groups. The first
group algorithms concentrate on the extraction of truss topology, while the second group
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algorithms extract the shape information from OTs.

Algorithms in the first group use methods that seek to extract a skeletal structure (frame and
truss configurations), such as the image skeleton extraction [6,7,198,199], the contour deriva-
tives methods [200] and the active contour method [201]. Skeletal interpretation methods seek
to extract low-level information from OTs and convert it into a high-level abstraction. High-
level information consists of skeletal nodes, as well as the relationship between branches and
their preliminary size. These results may also be easily combined with analytical methods for
stress, buckling or fatigue analysis. Extracted skeletal structures have also recently been used
as explicit length scale control for SIMP and level-set methods [5, 177]. Finally, it is worth
noting that truss recognition is used only for low volume fraction topology optimization [6].
Currently, one of the downsides of the skeletal interpretation in the literature is the loss of
boundary information after the interpretation, which means there are no guarantees that the
structural skeleton connects with every loads and boundary conditions.

Algorithms in the second group keep low-level information from the FEM and directly trans-
late it back to FEM by only extracting the shape of the material distribution. These methods
include, among others, B-spline extraction [202], pre-defined shape recognition [203], neural-
network feature recognition [204], 3D contour extraction [205], surface reconstruction [206]
and 3D reconstruction via template sweeps [207,208].

Shape interpretation has a main advantage in that it can be used directly with additive
manufacturing making the design interpretation easier. However, these techniques do not
perform on a complete analysis of the structure; they simply translate the OT directly into a
CAD. Because of this, the results should be used with caution. Consequently, the use of shape
extraction is limited to simple components, such as fixtures [209]. There are commercially
available tools that use shape interpretation, for example, the OSSmooth module from Altair’s
optimization suite, which is based on B-Spline smoothing [143].

It is important to note that the methods used in each of the two algorithm groups provide
crucial information for the development of the final design support tool. The skeletal inter-
pretation focuses on recognizing the features available from the material distribution and
extracting them into a high-level abstraction composed of nodes and branches. On the other
hand, the shape interpretation focuses on defining the edges of the material distribution and
integrating them with shape optimization. Mass & Amir [210] combine both skeletal and
shape approaches to develop a tool that uses topology optimization to create 3D files to be
used with additive manufacturing. Their method resolves the overhang and boundary defi-
nition problems. While both shape and skeletal information will be integrated into our final
tool, the fact that existing skeletal recognition methods lose information about their context
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after the process needed more research attention.

The work presented in this paper is developed and then tested to recognize trusses in the
results from the SIMP topology optimization method, owing the the fact that SIMP is a
method commonly used in the industry. The authors are aware that a new optimization
method, the Moving Morphable Compoments (MMC) method, optimizes directly a set of
discretized components with promising results [5, 176, 180]. However, the tool developed in
this project seeks to combine knowledge from multiple optimization runs and analysis. The
main application of the developed tool is for aerospace stiffened panel design, which is a
complex assembly of panels and stiffeners with a behavior that is hard to simulate. Our
usage of topology optimization is to use as a design initiator, to be used with stiffened panels
optimization algorithms (e.g. [82]).

Among the skeletal recognition methods, the image skeleton extraction method is chosen
because it is the easiest to implement numerically and its limitations can be mitigated by
altering the existing algorithms. The skeleton-based implementations require the use of a
binary image skeletonization method, which currently limits the capabilities of the truss
recognition. There are four limitations due to image skeletonization, which are [6, 7]:

1. high dependence on the quality of the material distribution,

2. necessity of smoothing the edges, because skeletonization are usually very sensitive to
jagged boundaries,

3. boundary conditions information cannot be retained,

4. superposed trusses cannot be recognized as two different trusses.

In this paper, a new skeletonization method specifically adapted for OT is developed due to
these limitations. The skeleton is also used to discretize the binary image into the different
sub-components, branches and nodes, of the structure.

4.3 Methodology

The OT may be obtained from a multitude of different topology optimization algorithms,
which are all presented the same way, i.e. with a gray scale image that represents the density
value of each element of the design space. For this paper, Optistruct is used to optimize
the topology [78]. The OT obtained from Optistruct is the input of our truss recognition
algorithm. We used MATLAB, due to its extensive and easy-to-use computer vision toolbox,
to implement our work. However, a more versatile coding language like Python could easily be
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used as well. The different steps that we followed are explained in this section, each one with
their specificities and challenges. Fig. 4.1 illustrates the workflow of the proposed algorithm.

To exemplify the use of the developed algorithm, the classical problem of the cantilever beam
optimized for compliance is used. This problem is considered as a benchmark in topology
optimization [2]. It is defined as a simple rectangle that is fully constrained on one side with
a downward force on the opposite side, as illustrated on fig. 4.2.

4.3.1 Step 1: Image Acquisition & Pre-Processing

The first step of the proposed algorithm is acquiring and pre-processing the OT images. Using
the HyperView module of Altair HyperWorks suite [143], the topology shape is extracted for
a given arbitrary threshold, which in this example is 0.5.

The images are pre-processed by binarizing and cropping software related pixels (fig. 4.3.a),
such as the density scale. It is important to note that in the image of the OT a pixel, which
is the basic unit of computer images, and finite-elements are not the same. The image is
of higher resolution than the finite-element model, which means that there are many more
pixels than elements resulting in a smoother resolution.

It is also necessary to extract the image of the loaded edges (fig. 4.3.b) and the design space
(fig. 4.3.c) to ensure connectivity with boundary conditions. The edges are then extracted
for each image, as shown on fig. 4.4.a.

4.3.2 Step 2: Binary Image Skeletonization Method

Once the images are pre-processed, the algorithm extracts the skeleton of the image. The goal
of skeletonization is finding a simplified version of the image that can be further analyzed.

Most skeletonization methods, including the one implemented in MATLAB, use a thinning
algorithm which seeks to preserve the number of holes and branches present in the original
image. This is problematic since the skeletonization algorithm cannot recognize trusses as
two different features, even with pixel connectivity. Also, the information from the skeleton
should be able to be integrated directly into the design space with the appropriate boundary
conditions. Another important aspect is that the skeleton should be free of spurs and imper-
fections that are due to image information rather than the structure itself, especially since
jagged images are always present due to the nature of finite elements.

To achieve these goals, our method uses two key pieces of information, geodesic distances
and lake filling. This will be carried out using two computer vision functions from MATLAB:
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Figure 4.1 The different steps of the truss recognition algorithm

bwdistgeodesic() and watershed().

The bwdistgeodesic function is used to compute the geodesic distance of each non-loaded
edges (fig. 4.4.a). into the shape of the OT (fig. 4.3.a). Fig. 4.4.b illustrates the geodesic
distance of the cantilever beam results. By removing the loaded edges from the images the
branches can grow to the boundary conditions thus insuring a closed and coherent skeleton.

The geodesic distances of non-loaded edges can be illustrated as mountains as they form ridges
in the middle of each branch of the OT. The watershed() function then fills every lake. The
lakes are the lowest points (minimum geodesic distance value) in the local region. Since all
lakes fill at the same rate, common edges are found at the ridges of the mountains (maximum
geodesic distance value). This intermediate result is illustrated in fig. 4.4.c. Then, the ridges
are simply extracted using an equality filter; MATLAB defines ridges with a value of 0. The
ridges common with the design space are removed. The resulting skeleton is presented in fig.
4.4.d. The watershed function is used instead of the traditional gradient-technique because
of the numerical noise on the edges.

The algorithm is presented in the following pseudo-code:
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Figure 4.2 Cantilever beam design space, this structure problem is used as an illustration
throughout this section with L/D ratio of 2.

Algorithm 1 Skeletonization
Require: Im1, Im2, Im3

Map1 = bwdistgeodesic(Im1, Im2)
Map2 = Map1 + Im3
Map3 = watershed(Map2)
Skeleton = (Map3 == 0) ∩ (Im3 == 0)
return Skeleton

where Im1 is the black and white image of the topology (Fig. 4.3.a), Im2 is the edges of the
domain, without the loaded edges (Fig. 4.4.a) and Im3 is the contour of the design space.
Map1 is the map of geodesic distances from Im1 and Im2 (Fig. 4.4.b). Map2 is an intermediate
result with geodesic and the contour. Map3 is the watershed of Map2 (Fig. 4.4.c). Finally,
the skeleton is the ridges of the watershed, which have a value of 0 in MATLAB. The contour
of the design space also has a value of 0, which is therefore removed from the skeleton.

In summary, this skeletonization method resolves multiple limitations of skeletonization for
topology optimization making its use in our truss recognition algorithm viable. Each issues
will be discussed in section 4.4.

4.3.3 Step 3: Node Position

As stated above, the skeleton is defined by two types of sub-components: the nodes and
branches. In the binary image skeleton the different branches appear clearly, see fig. 4.5.
However, they are not recognized as different entities yet. The skeleton image analysis starts
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Figure 4.3 Inputs image for the cantilever beam. (a) Optimized topology from with a threshold
of 0.5 (b) Pixels under load or constraint. Pixels have been enlarged for illustration purposes
(c) Design Space (d) Superimposed image with all three inputs.

by finding the nodes at the intersection of the different branches of the image and at the end
points of the free spurs.

Finding the position of the nodes in a binary skeleton image is a straightforward task using
image analysis.

In MATLAB, the binary image analysis function bwmorph() is used on the binary image
skeleton. This function provides the different branch points at the intersection of three or
more image branches, and the end points at the end of each free spur. However, when two
nodes are very close to each other this function might recognize them as two different entities.
To avoid this problem, the nodes are filtered with a distance filter; nodes closer than 2 pixels
are merged together. This ensures that the branches are identified correctly.

4.3.4 Step 4: Node Connectivity

The next step is to recognize the different branches of the structural skeleton. This is done
by analyzing the relation between the different nodes in the binary skeleton.
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Figure 4.4 Steps of the skeletonization process. (a) Unloaded edges, used as sources for
geodesic distances, (b) The geodesic distance of the edges in the binary topology image (the
darker the color, the farther it is from an unloaded edge), (c) The watershed image. The
ridges (in black) can be interpreted as the image skeleton, (d) The skeleton obtained using
our proposed skeletonization method.

Fig. 4.6 illustrates this process using the central section of the OT of the cantilever beam
fig. 4.6.a. First, the binary skeleton is cut using the position of the nodes and removing any
pixels around it, as illustrated in fig. 4.6.b. Then, each branch identified with different colors
is used for morphological dilatation (fig. 4.6.c). The position of each node is then compared
to the image dilated branches and the nodes, that are part of the image, are connected with
the structural branch.

4.3.5 Step 5: Image Segmentation

The goal of the image segmentation is to associate element data of the OT, such as stress,
displacement, strain energy, density, with each branch. This step provides the link between
the FEM results, the image pixels and the recognized branches.

This step is usually ignored by recognition algorithms [6, 7, 211], since they usually stop
when the nodes and branches are identified without looking for their role. It seems that it is
because these algorithms make the hypothesis that the recognition of a single OT is enough
for a suitable design. Industrial partners and literature [196] agree that a single topology
optimization in not enough for design. By ignoring this step, a lot of information about
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Figure 4.5 The intersections and endpoints of the binary skeleton are considered nodes of the
skeletal structure

how the optimization problem behaves is lost. Connecting the information from the FEM to
the high level information will allow our tool to use Axiomatic Design in its interpretation
process.

To carry out the segmentation, a geodesic distance is computed for each branch of the binary
skeleton image. This provides a distance map that is used to find the closest branch for each
pixel of the OT. A pseudo-code of step 5 is presented below:

Algorithm 2 Image segmentation
Require: Im1, List1
List2 = emptyList
List3 = emptyList
for all branch in List1 do

Map1 = bwdistgeodesic(Im1, branch)
List2←Map1

end for
for all pixel in Im1 do

Parent = FindClosestBranch(pixel, List2)
List3← Parent

end for
return List3

In the pseudo-code, the variable Im1 refers to the black and white image of the OT. List1 is
a list of all individual images of the skeletal branches. List2 is the list containing the maps of
distances for each branch, Map1. The Parent variable contains a pointer to the parent branch
of the pixel in the topology image and List3 contains Parent for each pixels of the topology
image. The function FindClosestBranch uses the maps from List2 and the position of
pixel to find the closest branch.



60

Figure 4.6 Node connectivity method. (a) Find nodes on image skeleton. (b) Remove nodes
and segment each lines. (c) draw aura around each lines and detect which lines connects to
the same nodes. The step is repeated for each lines (d) The connectivity of each nodes is
extracted as a graph.

The results for the cantilever beam are presented in fig. 4.8.a. Fig. 4.8.b illustrates an ideal
case of segmentation. An ideal case is where all the discrete members are correctly identified
and the load paths are separated between the trusses accordingly. The main differences are
caused by the small branches of the binary skeleton that do not play a structural role.

With the information obtained from the image segmentation step, it is possible to extract
geometric data such as branch orientation, area and contour. Also, it makes it possible for the
engineer to better understand the role of each branch, whether it is in tension or compression,
in specific load cases. Overall, this step will allow the FEM to feed data directly to the
interpretation support tool to be developed in future work.

It is important to note that the image segmentation, due to the fact that it is image based, is
done before truss stabilization. In addition, since the stabilization process alters the position
of the nodes, the segmentation would not be capable of associating the shape with the right
branches. More work is needed to improve segmentation and obtain something that is closer
to the ideal case.

4.3.6 Step 6: Truss Stabilization

As reported in Chiredast et. al. [212], the stability of an interpreted structure should be
verified, especially if it is to be interpreted as a truss structure. It has been found that even
if the structure is interpreted as a frame, the truss interpretation yields results closer to
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Figure 4.7 Results of recognition of node positions and connections on the cantilever use case.
In gray, the initial material distribution and the recognized trusses superimposed on it.

Figure 4.8 Segmentation results of the cantilever beam. (a) Results obtained with the image
segmentation algorithm (b) Ideal results with a manual interpretation done by the authors.

the concept proposed by continuous topology optimization. Therefore, this step is crucial in
ensuring accurate truss recognition. If the structure is to be interpreted as a beam, instead
of a truss, this step can be skipped.

This process will ensure that the structure is stable, i.e. it will not collapse on itself un-
der external forces. In previous approaches, this step was usually replaced with geometry
optimization [6, 7] , which is computationally expensive and does not add any value to the
concept or solution proposed by topology optimization. Since the main benefit of topology
optimization is providing new concepts for the design engineer, geometry optimization should
be avoided if possible. Hence, stabilization should stay a simple heuristic process that en-
sures stability at a minimum cost. Equation 4.1 presents the stability conditions for a truss
structure:
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s+ z ≥ 2k (4.1)

where s is the number of bars/trusses, z is the number of reaction forces and k is the number
of nodes [6].

This process is iterative; at each iteration the smallest bar that will not remove a truss
triangle is deleted until stability is obtained. Triangles are shapes created by multiple trusses
that have only 3 sides. They are the base of a stable skeletal structure and therefore, they
are never altered. The only trusses to be modified are the ones that will increase the internal
stability of the structure. With the first results from fig. 4.7 the algorithm is able to obtain
the skeletal structure presented in fig. 4.9. It can be seen that small and unstable branches
are removed and all that is left is a stabilized and simplified structure that retains only the
critical branches.

4.4 Skeletonization Comparison

Analysis of topology optimization with computer vision has already been done in the past
[6, 7], however the novelty of the work presented in this paper lies in the skeletonization
method. Our approach, allows the rapid recognition of the different branches and the way
they connect with each other while considering the boundary conditions, and other issues
associated with skeletonization. This section will compare the skeletonization process results
with both Bremicker’s and Gedig’s skeletons [6,7]. Both of the latter works use skeletonization
and computer vision to integrate topology optimization with their design tool.

Figure 4.9 Stabilized structure. The short unstable trusses of fig. 4.7 were removed.
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4.4.1 Comparison with Bremicker

Bremicker was the first scientist to have worked on topology optimization skeletonization in
1991 [6]. At the time, the main topology optimization algorithm used was the homogenization
method which is the precursor of SIMP. Even though this algorithm was developed in 1991,
it remains crucial to benchmark our proposed solution against it. Indeed, there is still a large
gap of research in the area of image-based recognition, and using modern computer vision
tools mitigates the limits of the method developed in 1991 and therefore extends its relevance
to this day.

For a fair comparison, the topology optimization image used in [6] was reproduced as close
as possible to the original. A comparison between Bremicker’s skeleton, MATLAB’s thinning
algorithm, and the skeletonization method presented in this paper are illustrated in fig. 4.10.
Bremicker uses a traditional thinning method, as presented in Arcelli’s et al. [213].

The advantage of our developed solution is presented in this comparison. First, the skeleton
created using our algorithm is connected to the edge of the design space, in a position that
makes sense regarding boundary conditions (fig. 4.10.d), which shows improvement toward
issue 3. When looking at fig. 4.10.b and 4.10.c the skeletons created using Bremicker’s method
and MATLAB respectively, the boundary conditions are not represented as they should be.
In fig. 4.10.b, the skeleton is doubled and does not touch the edges of the design space. In
fig. 4.10.c some of the branches touch the edges of the material distribution. However, the
edges does not correlate with the existing boundary conditions.

Secondly, one can see in both fig. 4.10.b and 4.10.c that these methods are sensitive to
jagged boundaries, described as the issue 2. Due to the nature of FEM, the OT will always
have jagged edges unless smoothing is applied. Skeletonization methods tend to mistakenly
recognize these sharp corners as branches, and as it can be seen in fig. 4.10.c. This is much
more noticeable in the MATLAB results, while it is not an issue in this work, as shown in
fig. 4.10.

For issues 1 and 4, threshold dependency and superposed trusses are not an issue in the
cantilever beam problem. As such, it is not sensitive to the threshold choice and there are no
sub-structures in this case that could create superposed trusses.

Also, since both Bremicker and Matlab use similar thinning algorithms, it may be assumed
that similar results could be observed with Bremicker’s algorithm at high resolutions. How-
ever, our algorithm is less robust at lower resolutions, similar to the one used by Bremicker.
It indeed requires at least 5 pixels-wide features to recognize effectively.



64

Figure 4.10 A comparison of different skeletonization results, note that skeletons have been
dilated for illustration purpose.(a) Bremicker’s cantilever beam results with homogenization
method [6], (b) Bremicker’s skeleton [6], (c) MATLAB bwmoprh skeleton with thinning, (d)
Skeleton using the method presented in this work.

4.4.2 Comparison with Gedig

Gedig [7] presented an integrated framework for the design of steel beam assemblies. He has
used the SIMP method to obtain his topology optimization results. Once again, topology
optimization results were obtained as close as possible from the original work of Gedig [7],
see fig. 4.11.a.

Notice in fig. 4.11.a that the result of the topology optimization has been smoothed to prevent
the appearance of unwanted spurs. For every skeletonization method, the results are spur-free
due to this pre-processing step, as seen in fig. 4.11.b, c and d, which is another method to
resolve issue 2.

In addition, it can be observed that Gedig’s method (fig. 4.11.b) can give results similar
to those given by the MATLAB thinning algorithm fig. 4.11.c. The only visible difference
between the results of this method and the results of our work is our work’s ability to reach
the boundary conditions completely, as shown in fig. 4.11.c. This small difference makes the
integration with a FEM software much easier, as described with issue 3.

Gedig [7] developed a skeletonization method based on traditional thinning methods, but
added a special weight to pixels near the boundary conditions. This has two advantages: first,
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no spurs appear in random locations, which is a frequent problem with thinning algorithms,
second, it allows spurs to grow only in the direction of the boundary conditions. While being
effective at eliminating issue 3, it doesn’t address the issue 4 for superposed trusses and issue
1 for threshold dependency.

In summary, Gedig’s [7] solution is close to a functional skeletonization method, but its results
are not easily integrated with FEM software due to the lack of fully using the boundary
conditions. Furthermore, this solution cannot properly treat jagged edges and a smoothing
of the image is required before the recognition step.

Figure 4.11 A comparison with Gedig’s work, note that skeletons have been dilated for
illustration purpose. (a) Gedig’s beam results with SIMP method [7] (b) Gedig’s skeleton [7]
(c) MATLAB bwmorph skeleton with thinning (d) Skeleton using the method presented in
this work

4.5 Case Study

As stated earlier, the long-term goal of our research team is to develop a support tool to be
used in the design process of standard, recurring aircraft components such as ribs and spars
of a wing box. This design support tool would be particularly useful since there is not yet
such tool for hybrid structures. An example of an hybrid structure is the stiffened panels, the
main construction block of most modern aircraft [58].

The following section will present an example of the results obtained for a topology opti-
mization case study using a simply loaded airplane rib. The FEM is illustrated in fig. 4.12
and defined by the parameters in table 4.1.

The model is built with a parameterizable FEM generator for ribs written as a TCL/TK
macro in HyperMesh [143]. This specific case study was chosen because its material dis-
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Table 4.1 HyperMesh model geometry and optimization parameters

Parameters Value
Airfoil Profile NACA 2412
Load - Compression 500 lb
Load - Shear 125 lb
Volume Fraction 0.3
Length 65"
Height 10"

Constraints
x-y-z at bottom left
y-z at bottom right
x at top left

Minimum Member Size 1"

Figure 4.12 HyperMesh model of loaded rib.
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tribution has important characteristics that expose some interesting aspects of the truss
recognition. The design space is limited to the web only; the rest of the FEM is defined as
non-designable and is used to distribute the load.

4.5.1 Optistruct Results

This section presents the raw results read with the HyperView software [143]. One of the
commonly used parameters, that engineers need to explore more in depth, is the density. Fig.
4.13.a illustrates the density in the design space. Two different thresholds were used to show
their impact on the truss recognition. Fig. 4.13.b illustrates the low threshold result and fig.
4.13.c shows the high threshold result. One can notice that the high threshold only keeps
elements with a full density of 1.0, and the low threshold keeps everything except elements
with density of 0.0.

An aspect of these results that is interesting, compared to the literature cases, is the quality
of the results. They present multiple zones with intermediate values which makes the choice
of the threshold critical. By allowing our tool to analyze different level of threshold, we expect
to be able to find an appropriate topology. Also, the test case chose has two branches that
share the same end point, which usually cause issue 4.

4.5.2 Truss Recognition Discussion

The discussion of the results of the recognition is divided into two parts: the first part deals
with the low threshold results, and the second part deals with the high threshold results.

There are two images that are interesting to study in detail after the interpretation. The first
one exhibits the connectivity results, as shown in fig. 4.14.a.

Upon examination of the connections, it appears that the trusses that could have been
interpreted intuitively are all present. The skeletonization has yielded satisfactory results,
even with the jagged edges of the material distribution and the superposed columns on the
two last columns on the right side. The test case is a good example illustrating issue 4, that
appears in real-life cases, and don’t appear in the examples usually used in the literature.
The boundary conditions of the rib design space are well considered for each recognized truss.

The second interesting image to study in more detail, which is the result of image segmen-
tation, also provides us with further important information, as shown in Fig. 4.14.b. As
explained in the methodology, image segmentation allows the recognition process to asso-
ciate shape and contour information to the appropriate branches and nodes. For example, in
this case we could find the trusses that are loaded in compression, decide of a column profile,
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Figure 4.13 Binarization of ribs material distribution. (a) Optimal material distribution using
Optistruct (b) Binarization of material distribution with a low threshold (All pixels with
density value over 0.01) (c) Binarization of material distribution with a high threshold (All
pixels with density value over 0.98)
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and do a buckling analysis. Since this is high level abstraction, analytical solutions will easily
work such as the margin of safety calculation methods used in the aeronautic industry.

Figure 4.14 Rib’s material distribution connectivity with low threshold. (a) Connectivity
results (b) Image segmentation

The next results, presented in fig. 4.15, illustrate the truss recognition for the high threshold
solution.

Since the threshold is higher, only features with a high density are recognized. The major
differences can be seen on the ends of the “X” shaped sections. The extremities of the regions
are split into multiple small trusses; the algorithm can recognize the nuances of the large
sections. The information from the layout can be merged with the information from the low
threshold segmentation to better know how the structure behaves. It becomes possible to
associate the vertical stiffeners of the first step with the “X” shape of the second step, while
recognizing it as either a single entity or not. The association is useful for feature analysis
and comparison since it makes it possible for the design engineer to associate features with
optimization and recognition parameters.

Just like any optimization result, it is not recommended to use only one single result since
an optimization is about exploring a design space in an intelligent way. As such, one result
alone does not answer questions like, why are some trusses larger on the sides and smaller in
the middle? An engineer could say that this is because an “X” is more efficient for the shear,
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however, the algorithm does not know this information and might interpret it as a simple
vertical bar. Therefore, the work presented in this paper puts emphasis on the interesting
features of the OT that allow a more complete interpretation by a computer.

Figure 4.15 Rib’s material distribution connectivity with high threshold. (a) Connectivity
results. (b) Image segmentation.

Comparing the two results obtained through different density thresholds, it is clear that two
different topologies are proposed. While both solutions might be local minima, they could
also propose two infeasible solutions. The next step of this project is destined to topology
analysis and synthesis where the feasibility and quality of the proposed structures will be
evaluated.
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4.6 Conclusion

This paper presented a truss recognition algorithm that recognizes the different skeletal
components of low volume fraction optimized topology obtained with topology optimization
using a novel computer vision skeletonization method.

The novel skeletonization method presented in this work removes the limitations of other
skeletonization methods in truss recognition by focusing specifically on the optimized topol-
ogy. It solves four limitations seen in the skeleton-based method; the high dependence on the
quality of material distribution, the issues encountered due to jagged edges, the maintenance
of boundary conditions and the independent recognition of superimposed trusses.

This makes the skeleton image usable in a truss recognition algorithm that is compatible
with any topology optimization results presented in a binary image. Also, a comparison with
the literature shows that this method gives excellent results with classic problems such as
the cantilever beam.

With the proper binary image skeleton, it becomes possible to recognize the trusses of the
skeletal structure appropriately. As shown with the case study of the airplane wing box rib,
it works very well with a real-world scenario.

Finally, with the recognized branches in the image and the appropriate image skeleton, it
is possible to get a stabilized skeletal structure and associate different information from the
FEM with the extracted structure. The recognized structure may then be further used in a
design support tool. Furthermore, the segmentation allows the different branches data to be
enhanced by multiple OTs with different parameters. This is an important step for a more
complete design support tool for topology optimization interpretation that incorporates the
industrial knowledge and axiomatic design.

The work presented in this paper was limited to low volume fraction problems which can be
interpreted as truss-like structures. High volume fraction OT shouldn’t be interpreted with
a skeletal structure, and will be the subject of future work. Additionally, another step that is
required is a feature analysis module which will define the role of each recognized component.
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Abstract

This work includes a complete optimization, design, sizing and validation application of
density-based topology optimization for a single stiffened panel from the upper skin of a
commercial aircraft wing. In this work, topology optimization is carried with Optistruct from
Altair. The initial values of the density variables are shown to have the biggest impact on the
optimized material distribution. This effect is used in a random restart approach to explore
multiple local minima, and thus to find different material distributions. Different material
distribution obtained with topology optimization have shown the same buckling resistance
within the implicit model used for optimization. However, the stiffened panel models created
from the different material distributions show very different strength when they are sized
with a subsequent optimization and validated using quasi-static non-linear analysis. Besides,
the optimization results are almost all simple orthogrid solutions. Finding these layouts with
topology optimization has proven to be difficult and highlights the fact that the technology
is not mature for the design of new layouts for stiffened panels.

5.1 Introduction

Stiffened panels are the main structural components of large vehicles, such as aircraft and
ships, due to their high strength and relatively low weight [29]. A low weight is very important
for these components as to reduce the consumption of fuel as well as to increase the overall
efficiency of airplanes [214]. There has been a significant effort in the aircraft industry to
reduce the weight of the structures, with advances at all design stages but especially at
the conceptual and preliminary phases. Wing box design has an inherent multidisciplinary
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nature [215]. Recent literature often ideally include the modeling of not only structure but
also aerodynamics, loads, flutter, etc. directly in the conceptual and preliminary design tools
[216, 217]. Still, current architecture has not been easy to challenge in terms of reducing its
weight [196].

Stiffened panels have long been used in the aviation industry as their properties and failure
modes are well understood and described in widely used handbooks [26, 58]. The stability
of these thin components is one of the main concerns of design for stiffened panels, as any
imperfection can initiate the buckling of the assembly [26,58]. The handbook design method
for stiffened panel is based on experimental data, analytical equations and the experience
of engineers. This somewhat limits the design freedom when trying to improve the layout
of stiffened panels, as almost all experimental data has been developed for the orthogrid
configuration [26,58]. The orthogrid layout is an arrangement of stiffeners built orthogonally,
which are straightforward to design and analyze. They also have a great strength with regard
to buckling, post-buckling and fatigue [26,58].

Further reducing the weight of stiffened panels by improving the stiffening layout is proving
to be challenging [82,84,88]. Advances in manufacturing methods and numerical tools provide
engineers with new capabilities to achieve this weight reduction as there is now the possibility
to manufacture and analyze much more complicated patterns [82].

5.1.1 Aerospace Applications of Topology Optimization

Topology optimization (TO) is a powerful structural optimization tool that is capable of
generating innovative structural components by evolving a material distribution to comply
with design requirements [2]. TO seeks an optimized material distribution within a user-
defined design space while considering loads and boundary conditions [2]. The design freedom
of TO is larger than the more common parametric optimization. However, this comes at the
cost of an implicit generation of the structure which can lead to solutions which are complex
to design and manufacture.

Topology optimization has been used in aircraft structure design for different use cases,
including stiffened panel assemblies [13,218]. TO is generally used early in the design process
to help designers create new concepts to reduce the weight of structural components [196].

There is a constant interest in the optimization of aircraft wing boxes, as they are complex
structures with many loading conditions. Two approaches are applied to topology optimiza-
tion of wing boxes, the global and local approach. The global approach being an optimization
with the whole structure defined as the design space and the local approach focuses on a sin-
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gle component. Regarding the global approach, the results have usually been that the layouts
proposed were, at best, just as efficient as the traditional layouts [39,219]. The best achieved
weight savings were obtained with the local approach on hinges, ribs, pylons, etc., rather
than complete assembly optimization [13,38,219].

TO publications regarding aircraft stiffened panels generally do not consider buckling during
the TO phase [13]. Buckling is sometimes verified in a subsequent interpretation and design
step [13]. It is acknowledged in the literature that considering buckling during TO should
lead to better stiffening layout, as the layout of the stiffeners has a significant impact on
buckling strength [13,155,220].

5.1.2 Topology Optimization

There are different types of algorithms and formulations for structural TO. The most preva-
lent method is Solid Isotropic Material with Penalization (SIMP) which is used in most
commercial finite-element model (FEM) software such as Optistruct from Altair [13, 78].
Optistruct is the solver used in this work [78]. Using the SIMP method, one can avoid the
common problem associated with early TO algorithms that would require discrete “full” and
“void” variables. SIMP associates a continuous density value to each finite element of the
design space. The continuous density variable allows for efficient gradient-based solvers to
be used. To limit the effect of intermediate values which have no physical significance, the
intermediate values are penalized as described in equation 5.1 [2].

Ex = ρPE0 ρε[0, 1] (5.1)

where E0 is the material young modulus, ρ the element density, P the SIMP penalization fac-
tor and E the young modulus of the element [2]. The factor P penalizes intermediate density
values and helps the optimization converge toward clean full/void material distributions [2].

The most common TO formulation focuses on minimizing compliance by evolving the material
distribution, given a certain volume fraction constraint [141]. Compliance is defined as the
inverse of stiffness, generally measured as the total strain energy [2].

Manufacturing constraints for TO have seen a lot of development. Useful examples are the
minimum and maximum member size, symmetry, extrusion and casting constraints, etc. [209].
These constraints allow some control of the behavior of the TO. Still, their impact is not
significant for stiffened panel TO as shown in the section 5.2.2.

For the design of aircraft structures, buckling is usually evaluated using semi-empirical for-
mulas found in handbooks [26, 58]. These formulas can prove very useful as the different
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buckling modes of each sub-components can be evaluated individually, thus ensuring mar-
gins of safety for each component, and each mode. Note that imperfections can modify the
behavior of each individual mode, which makes it important to understand the strength of
each component. However, the handbook methods are only applicable for the orthogrid lay-
out. As TO is a FEM-based optimization tool, buckling is measured using this same FEM. To
measure the buckling critical loads of a given structure with FEM, it is possible to compute
the eigenvalues of the stiffness matrix [63].

The first computation step, as for any FEM, is to compute the equilibrium equation for
displacement [63]:

Ku0 = P (5.2)

where K is the stiffness matrix, u0 the equilibrium displacement vector and P the load vector.

From the static solution, we then solve a generalized eigenvalue problem [63]:

(K + λKσ(u0))ϕ = 0 ϕ 6= 0 (5.3)

where Kσ(u0) is the stress stiffness matrix and the eigenpairs (λj, ϕj) are respectively the
buckling load factors and its associated nodal displacement of the jth buckling mode [63].

The first buckling mode is of interest, as it defines the critical mode for which it is possible
to define the critical load:

Pcr = λ1P (5.4)

where Pcr is the magnitude of the load at which the equilibrium bifurcation occurs and P
the external force [63].

The occurrence of multiple buckling modes is a challenge of FEM-based buckling optimization
[57]. There are global and local panel buckling modes; stiffeners and skin modes and even
combined skin-stiffener modes [57]. The complexity of buckling modeling and optimization for
stiffened panels comes from coupling effects of the respective geometries of each component
interacting with one another. The orthogrid layout has shown an important property: the
coupling is minimized when stiffeners are orthogonal. More importantly, when the orthogrid
layout is not used, there are notable in-plane and of out-of-plane coupling effects that can
arise to make the optimization even more difficult. Finally, mode shifting can also exacerbate
the challenges of buckling optimization by creating low to medium densities as spurs or
disconnected areas [57].

These challenges are still present in TO when introduction buckling eigenvalue constraints.
There has been some recent work on improving buckling eigenvalue constraints to the density-
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based TO [191]. However, most work has focused on the buckling TO of truss or truss-like
structures, for which the challenges are to capture both local and global modes [191].

Using buckling constraint in TO for stiffener layout has been tried a few times. The work of
Chin and Kennedy (2016) has incorporated a constraint on the first 10 buckling eigenvalues
with a mesh of the order of 105 design variables [155]. Dunning et al. (2015) used a level-
set TO method to incorporate a full-wing optimization, with buckling constraints on the
skins [221]. However, both do not discuss any weight savings and did not include a validation
of the proposed solutions.

Buckling optimization with a FEM is already considered challenging to use for stiffened
panels, due to the coupling between skin, stiffeners and skin-stiffener buckling modes. TO
helps reduce this coupling but new challenges associated with TO with a buckling constraint,
mainly due to the important mode shifting during optimization and the impact of optimiza-
tion parameters on the final material distribution [221].

5.1.3 This Work

Some limitations have now been identified in the literature for TO of aircraft stiffened panels.
One can find multiple publications for which aircraft structure application of TO, but no
verification is done on the results to assess their quality. As such, this work seeks to understand
if density-based TO is capable of actually improving, or at least find results with a reasonable
quality for stiffened panel design when a buckling constraint is included. We also discuss the
effect of optimization parameters to help find the feasible results.

We go a step further than most studies and assess the effect of adding the buckling constraint
to the TO. From there, we verify the quality of the results by interpreting the results and sizing
the new layouts and validating their stability with a non-linear quasi-static analysis. This is
not a multi-step optimization, the topology and sizing optimizations are done sequentially.

Preliminary work by both our research team and our industrial partners has been done
to study TO for a structural wing-box. It first focused on TO of components such as the
ribs, spars and skin with complex load conditions. It was found that current models are too
complex to allow a good understanding of the behavior of TO with a buckling constraint,
which does not confer confidence in the material distribution. This complexity was observed as
a sensitive, erratic behavior, i.e., small modifications to the optimization objective, constraints
or parameters yielded very different results with no obvious reasons. Erratic behavior through
small variations are often considered design complexity in design science [47,222]. To enhance
this confidence in the optimization process, only a section of a certified aircraft wing box is
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used as a baseline. The detailed model is based on a wing-box general finite-element model
provided by our industrial partners. Due to publication limitations, we use similar loads and
dimensions, but not the actual ones.

The scope is limited to a wing upper skin panel where the buckling margins are identified as
critical. Multiple runs have been done manually to explore the impact of parameters on TO
results, more details on this can be found in section 5.2.2.

The optimized material distributions are used in a subsequent interpretation and size opti-
mization. This step allows the different stiffened panels to be sized properly, ensuring enough
strength with respect to buckling and stress. The sized stiffened panels are then analyzed
with a FEM non-linear quasi-static analysis to validate that their critical stability is higher
than the applied "ultimate load." The ultimate load being a conservative estimation of the
worst possible case associated with a specific load case such as an up gust or catastrophic
landing. This FEM quasi-static model was validated with a non-FEM based handbook em-
pirical method, as described in previous work [223]. This path of generating new concepts,
interpreting and sizing, then validating is carried out multiple times (see fig. 5.1). Each de-
sign and optimization process allow for a better assessment and understanding of the impact
of TO parameters on the strength of the layout of stiffened panels. Once the optimization
parameters are well understood, we run 500 TO of the panel with different starting points
to explore the local minima of the design space.

5.1.4 Case Study

The studied panel is a portion of the upper plank of the wing of an existing commercial
airplane. This section of the wing is chosen due to its high compressive stress that leads to
a critical buckling margin, which makes it an interesting case study.

The stiffened panel is made up of a skin web and “J” stiffeners, which are built as one
component. The geometry is defined with the same modeling hypothesis made for the margin
of safety calculations, as used in the industry or as defined in [26, 58]. First, the panel is
considered flat, in the X-Y plane. Secondly, only the ribs provide out-of-plane support (in the
Z direction). Finally, we consider only the effect of in-plane loads and make the assumption
that bending effect is negligible for buckling evaluation. The stiffened panels and its sub-
components are illustrated in fig. 5.2.

Aircraft face multiple complex loading conditions; from a crash landing to a wind gust,
everything needs to be well-thought-out. There are more than a hundred loading conditions
that need to be considered for validation. To simplify this study, only one load case is selected
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Figure 5.1 Research method used in this research project. Including validation of stiffened
panels has shown that topology optimization need to consider buckling.

for its critical buckling margin, that is the up-gust load case that causes a high compressive
load on the upper skin. Although it is possible to include multiple load cases in SIMP,
demonstrating this capability for stiffened panels considering buckling is out of the scope of
this current study. Further research would be required to test such capabilities.

The boundary conditions are modeled as clamped on the loaded side (Uz = 0, Ry = 0) to
simulate the stiffness of ribs, see 5.3a. The main compressive force is applied through a rigid
(RBE2 ) element to ensure a constant displacement in the X axis (CPUX). A displacement
constraint is set on the opposite side (UX = 0).

Local load values are extracted from a linear static analysis of the global wing FEM, using
the "endloads" of selected elements. This is a common practice for the margin of safety
calculations in the aeronautic industry [26]. his load extraction uses the hypothesis used in
semi-empirical calculations that the panels behave in the wing box similarly to the panels

Figure 5.2 Sub-Components of the Stiffened Panel
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used in the tests done by NACA [58]. A safety factor of 1.5 is considered on the applied loads.
This safety factors value is used in the remainders of the paper. The load cases are locally
modeled as a combination of three loads: span-wise compression, chord-wise compression
and shear. The loads are applied as shown in fig. 5.3b, and their value can be found in the
table 5.4. The main compressive force is applied on the independent node of the rigid element
and the other loads are applied directly to the skin.

The material used for this case study is aluminum 7075 (see fig. 5.2), a widely used material
for aeronautics structures, for which non-linear properties are considered [59].

Two different sizing are used to define the baseline, from different optimization methods.
The first is the one obtained with handbook design optimization. Multiple collapse modes
were used as constraints: skin buckling, Euler, crippling and post-buckling Euler-Johnson.
Furthermore, all plasticity effects of cladding were considered. This method allows for the
separation of the stable skin buckling and unstable global buckling, thus letting the skin
buckle earlier to save weight.

The second sizing is obtained with only the FEM with simple weight optimization considering
the eigenvalues and stress. A summary can be found in the table 5.1. Doing optimization with
FEM doesn’t allow for a specific control for each component, as such the buckling constraint
can only be applied globally. This results in the difference in weight between the handbook
and FEM sizing, as the handbook sizing allows for earlier skin buckling. Depending on the
value of the load, allowing skin to buckle early can save up to 20% of weight depending on
loads and locations [26], but the difference is relatively small in our specific case study.

The dimensions of the panels are described in fig. 5.4 and table 5.3. The weight and strength
found in the table 5.5. These properties will be used to validate if the new layouts proposed
by TO are at least equivalent to the baseline in terms of strength and weight.

5.2 Setting Up Topology Optimization

The goal of TO for stiffened panel is to find an optimal material distribution that shows an
optimal placement of the stiffeners. For our application, it is possible to remove any “void”

Table 5.1 Sizing optimization formulation

Parameter Function
Objective Weight [lb.] Minimize
Constraint Buckling [-] λ1 ≥ 1.0
Constraint Stress [ksi] σVM ≤ Fcy
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(a) (b)

Figure 5.3 Boundary and loading conditions of the case study. Ux,Uy,Uz are the displacement
conditions and Rx,Ry,Rz the rotation conditions. Fy is the chord-wise compression, Fx is the
span-wise compression, τxy Shear.

Figure 5.4 Baseline Dimensions. Where is W the panel width, b the bay width, L the panel
length, p the pad-up width, h the stiffener height, f the free-flange width.

Table 5.2 Aluminum 7075 properties [59]

Property Value
Young’s Modulus (E0) [ksi] 10, 700
Poisson’s ratio (ν) [−] 0.33
Yield limit (Fcy) [ksi] 68
Material Density

[
lb.
in3

]
0.1

Ramberg-Osgood factor (n) [-] 13
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Table 5.3 Baseline dimensions [in.] from different optimization methods

Dimensions Handbook Sizing Baseline Sizing
L 20 20
W 12.5 12.5
b 4.2 4.2
f 0.9 0.9
h 1.45 1.45
p 1.50 1.50
tskin 0.09 0.08
tpad−up 0.05 0.12
tweb 0.08 0.06
tfree−flange 0.09 0.07

Table 5.4 Baseline load values, with integrated safety factors.

Load type Applied Load
Axial Compression [lbf] 120,000
Transverse Compression [lbf] 9,000
Shear [lbf/in] 60

Table 5.5 Baseline properties with a 4-stiffener orthogrid layout. Two sizing optimization
were completed, with the handbook sizing allowing for a controlled skin buckling.

Property Handbook Sizing FEM Sizing
Weight [lb.] 5.2 5.3
Compliance [lb.in.] 5100 5000
Maximum Stress [ksi] 46 45
Linear Buckling [λ1] 0.7 1.0
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elements by defining a base thickness in the design space. This avoids the problem where
“void” elements have virtual buckling modes [224]. As such, only the stiffeners are part of
the design space and are modeled as variables of density in a thick sandbox (fig. 5.5). This
puts forward one major limitation of the density-based model as it will only be able to model
the buckling of the skin and miss potential buckling of the stiffeners. For TO, the loads and
boundary conditions are modeled similarly to the baseline on the design space, see fig. 5.6.
Again, the base thickness and the design space in set in the X-Y plane, and the stiffeners are
models in the extruded design space in the Z direction.

5.2.1 The Reference Material Distribution

Generally in topology optimization applications compliance is used as the optimization ob-
jective. Compliance is defined as the inverse of rigidity, generally measured as the strain
energy. It is particularly useful as it is not dependent on the scale of the loads, which makes
the whole design space convex. However, buckling evaluation is dependent of the value of the
load. This requires a test to measure the effect of the loads on buckling evaluated using the
density-based model. The results of this test are presented here, as we define a reference ma-
terial distribution. This reference is a hand-built model that uses the same implicit modeling
as SIMP, with the objective of imitating the behavior of the baseline explicit model. With
the reference material distribution, we have an idea of the minimum expected properties for
the implicit density-based model.

In the reference model, the stiffeners have been modeled as thin and dense material distribu-
tions, at the same positions as in the baseline (fig. 5.7). A thickness optimization of this panel
has allowed the model to replicate the buckling strength of the baseline, see the table 5.6.

Figure 5.5 Stiffened panel topology design space. (a) The baseline with four stiffeners. (b)
The topology optimization design space defined from the existing design. The illustration
includes the skin and the bounding box of the design space. The stiffeners can be placed
anywhere in this design space.
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(a) (b)

Figure 5.6 Boundary and loading conditions of the design space for topology optimization
of the panel. (a) Boundary conditions on the design space. (b) Loading conditions on the
design space. Where Fy is chord-wise compression, Fx is span-wise compression, τxy is shear,
Ux,Uy,Uz are displacement conditions, Rx,Ry,Rz are rotation conditions

In this model, the plane is in the X-Y plane, and the design space is an extrusion in the
Z direction. It is important to note that this modeling technique is implicit; thus it is far
from a perfect representation of the behavior of the stiffened panel. However, it is required to
give full design freedom to the optimization process. As such, for the same buckling strength,
almost twice as much mass is required, taking the weight from 5.3 lb. to 9.9 lb. Of course, this
has an impact on the measured stress (which is cut by about 50%) and compliance which also
decreases 50%. As expected, there is a linear relationship between weight, stress and compli-
ance for a given topology. The added weight reduces significantly the stress captured in the
density-based model which shows that for a given topology the stress in the density-based
model is not representative of the stress obtained with an explicit model.

From the reference model, the optimization constraints are defined to achieve similar proper-
ties between the reference material distribution and the baseline, see the table 5.6. The TO
constraints are not set directly to be the same as the reference material distribution in to
allow the optimization some freedom during optimization.

5.2.2 Parameter and Formulation Analysis

Multiple test runs of TO were carried out to study the impact of the optimization parame-
ters on the material distributions. Optimization parameters include filters, solver parameters,
objectives and constraints. The post-processing of the results showed significant but unpre-
dictable impact for most optimization parameters on the material distributions. Changing
the optimization parameters mainly influences the behavior of the optimization in the first
few iterations and thus the final material distribution.
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Figure 5.7 Reference material distribution. Implicit stiffener generation (in blue) in the design
space (in gray).

Table 5.6 Comparison of baseline and reference material distribution, which are used to define
TO constraints

Properties Baseline Reference TO
Material constraints

Dist.
Max Stress [ksi] 45 29 30
Linear
Buckling [λ1]

1.0 1.0 1.0

Weight [lb.] 5.3 9.9 10.0
Compliance [lb.in.] 5000 3100 N/A
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An interesting aspect that comes out of this parameter study is that the effect of the initial
value of the density variables is dominant in respect to other parameters. Therefore, changing
only the initial values of the density variables leads to several feasible material distributions.
This shows a lack of robustness of SIMP in this application to stiffened panels, and there
is, for now, no clear strategy to improve the robustness for SIMP with buckling constraints.
Still, this lack of robustness is leveraged in this work to explore different minima of TO
without changing other optimization parameters or constraints. This allows for more design
exploration and generation of more solutions that could be used in the next design phases,
as more design constraints are introduced.

For a correct optimization setting, it is still necessary to set some optimization parameters.
The decisions related to some important parameters are discussed below.

1. Type of elements

2. Manufacturing filters

3. Mesh Size

4. Symmetry

5. Secondary design variable

6. Stress constraints

7. Other parameters

According to the literature, it is usually preferred to use the Q4 elements instead of Q8

elements, as it allows more design freedom while maintaining relatively low computation
time [37]. However, we found that with linear buckling, Q8 usually finds more discrete
void/full solutions in less iterations. A recent paper goes in the same direction and pro-
poses a Q6 element that is a good compromise between speed and accuracy [191]. Since those
elements are not available in Optistruct, Q8 elements are used in this work.

The only useful manufacturing filters for our 2D TO are the minimum and maximum member
size. Other manufacturing filters, such as extrusion or casting constraints, are not applicable
for 2D TO. As recommended by Altair, the minimum member size should be at least three
times the mesh size [78]. Using the minimum member size also removes checkerboard artifacts.
Maximum member size is not used. From our experiences, it over-constrains the problem and
creates optimization artifacts.

The mesh size has a significant impact on TO. A mesh size too coarse does not allow the
optimization to converge toward light solutions. A mesh too fine (with similar member size
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filter) yields non-manufacturable material distributions. From experience, for stiffener layout
optimization, a mesh size of approximately the thickness of stiffeners yields clean full/void
material distributions. From the baseline, the stiffeners are expected to have a thickness of
about 0.6 inch. Consequently, a mesh size of 0.2 inch is used.

Using a symmetry constraint along the x axis helps the optimization converge faster, as the
number of design variables is significantly reduced.

The thickness of the design space is defined as a secondary design variable. This has generally
helped the optimization converge toward clean a void/full material distribution.

From the reference material distribution, it was noted that the stress is not properly captured
with the 2D shell elements. However, it was found that using stress constraints helps the
optimization converge toward clean void/full solutions.

The size of the base thickness has an important impact on both mass and shear resistance.
This parameter would ideally be part of the optimization.

Other parameters have no significant or random effects.

5.2.3 Randomized Initial Values Topology Optimization

To demonstrate the effect of the initial values on TO, the parameters presented in the table 5.7
are used, as discussed in subsection 5.2.2.

Preliminary results shown in fig. 5.8 show the effect of combining random initial values on
different TO material distributions. As expected, when observing only compliance for the
simple test case, the result is a uniformly thick plate (fig. 5.8.A and 5.8.B). To the best
of our knowledge, this is after all the stiffest solution possible for a simple panel. However,
this result is not optimal for buckling resistance and does not have the minimum mass we
are looking for either. Adding only the buckling constraint, the optimization finds only a
non-feasible optimum (fig. 5.8.C). By introducing random initial values with the buckling
constraint, the optimization becomes able to converge toward feasible results (fig. 5.8.D).
Still, the material distribution is highly dependent on the initial density values.

To study the effect of randomized initial values, 500 optimizations have been completed. A
sample of some material distributions are shown in fig. 5.9. The effect of the random initial
values is significant; it allows the TO with buckling to converge toward different solutions.
Still, this shows that it is not possible to achieve global optimum with this technique. From a
design perspective, the availability of multiple material distribution is favorable, as it proposes
different solutions that may trigger new creative ideas and more easily adapt to the integration
of other systems.
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Table 5.7 Optimization parameters for random initial value TO

Optimization
formulation

Objective Minimize Compliance
Buckling λ1 ≥ 1.0
Weight [lb.] w ≤ 10
Stress [ksi] σVM ≤ 30

Design
variables

Density for each finite element of the
design space

Thickness for the design space (1 con-
tinuous variable)

Optimization
parameters

Symmetry 2-plane symmetry around
the middle point

Minimum mem-
ber size

3 times the size of the
smaller element [0.60 in]

Base
thickness 0.075 in

Figure 5.8 Material distributions of compliance only optimization (a) modeling compared to
the optimization with an additional buckling constraint (c). The results with random initial
density values with compliance only (b) and added buckling (d). Where T is the design space
thickness.



88

Another interesting aspect of density-based buckling TO is the apparition of "spurs." Finding
the right penalization factor of SIMP is delicate with buckling, as too high a penalization
doesn’t allow convergence but too low a penalization will have a significant number of inter-
mediate density in all of the design space. This intermediate and distributed material greatly
increase the buckling resistance in the implicit density-based modeling.

For the 500 TO runs, 500 minima have been obtained when compared elements by elements.
This shows that from a mathematical point of view, there are as many different material
distribution than there are initial value distributions. This is not surprising considering the
very high number of design variables in a TO problem, the non-convexity of the buckling
problem and the fact that TO uses a gradient-based solver [78, 191]. With these results,
one can conclude that using solely gradient-based solvers is not enough to achieve the global
minima. The gradient-based solvers are the only available optimization tools able to converge
quickly and reliably in the large design space of topology optimization [2,225]. Especially in
compliance only optimization where the design space remains convex, which is not the case
with buckling constraints. Still, as the implicit density-based modeling does not completely
capture the full behavior of a stiffened panels anyway, simply finding multiple minima could
be sufficient to find usable material distribution capable of improving creativity of engineers.

Even if there are multiple material distributions, it is possible to group together different
solutions to create families of stiffening layouts. The solutions with two stiffeners are grouped
together, the same for three stiffeners, etc. The different families of material distribution and
their occurrences are aggregated in fig. 5.10. An example of grouping for the “four stiffeners”
family is illustrated in fig. 5.11a with their respective buckling modes in fig. 5.11b. The
buckling modes of each material distributions show a similar buckling pattern for a similar
material distribution.

The family distribution leans toward orthogrid solutions, which represent almost all proposed
solutions. This could be an indication that simple solutions are easier to achieve, or it could
be an indication that these topologies are better. Considering the simplicity of the test case
and the applied loads, these results are coherent.

From these results, it is possible to notice the impact of initial values on the proposed results,
even without changing optimization parameters. This approach can be used to generate
different results and explore the design space for different types of solutions, which could
help designers find even more efficient stiffening layouts.

Fig. 5.12 shows that the different topologies behave similarly during optimization in terms
of strength and weight. Indeed, for a given weight, if the material distribution connects both
sides of the span-wise compression, the compliance and buckling strength are directly linked
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Figure 5.9 The effect of three different fully random initial values on TO. On top, the random
initial value distribution of three examples. On the bottom line, their respective optimized
material distribution.

Figure 5.10 Frequency of different families of topology distribution for 500 random initial
values
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(a)

(b)

Figure 5.11 A sample of the family of “4 stiffeners” material distribution. These material dis-
tributions all have the same topology. (a) A sample of "4-stiffeners" material distributions. (b)
First buckling modes of respective "4-stiffeners" material distribution. The total displacement
of each node is illustrated.
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to the weight of the panel. Constant strength does not remain true for the layouts once
they have been interpreted as stiffened panels. More information on this can be found in the
validation section, which will show that the strength of the stiffened panels is more linked to
its layout than what would be inferred from fig. 5.12.

This section focused on the analysis of the impact of buckling constraints on TO of stiffened
panels, which led to a design space exploration method that uses random initial values.
It allows the optimization to reach multiple minima without changing the parameters. Even
though the design space is very large due to the large number of design variables, the possible
number of layouts remains limited.

5.3 Interpretation, Sizing and Validation

Layout families obtained using random initial values in section 2 are interpreted as FEM of
stiffened panels. Two solutions inspired by the work of Houston & al. are also added for more
design space exploration [3]. They consist of buckling containment features (BCF) that should
help buckling resistance while reducing weight [88]. They are proposed as the FourLBCF
and ThreeLBCF solutions. The BCFs are simple, smaller stiffeners with much lower inertia
than the main stiffeners. Their role is to increase skin buckling, without compromising post-
buckling. All interpreted stiffened panels are illustrated in fig. 5.13.

Whenever possible, all stiffeners were modeled as “J” to limit variability and ease comparison.
However, the One Hat solution, uses a hat section because of the larger width of the material
distribution, that makes the use of a single stiffener unsuitable.

5.3.1 Sizing the "New" Stiffened Panels

To compare the layouts, a size optimization is done to find the minimum weight associated
with each stiffening layout. The same buckling limit as the baseline is used as a constraint.
The sizing process objective and constraints are respectively the weight and buckling, as
defined in the table 5.8. The sizing optimization is also completed with Optistruct using the
sequential quadratic programming (SQP) algorithm [78]. The variables of the optimization
are the thickness of each stiffeners. One might notice a difference between the topology and
sizing optimization formulations. A reason for this modification is the poor convergence of
topology optimization with a buckling constraint, especially as it is modeled as a thick shell.
The design space of the sizing optimization is less complex, and as such can include a more
challenging optimization problem such as mass minimization, which is closer to the design
problem we want to solve.
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Figure 5.12 The effect of initial values on the convergence of TO with buckling constraints.
The color of each curve is related to each material distribution (box of the same color).

Table 5.8 Sizing optimization formulation

Parameter Function
Objective Weight [lb.] Minimize
Constraint Buckling [-] λ1 ≥ 1.0
Constraint Stress [ksi] σVM ≤ Fcy
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(a) One Hat (b) TwoL & TwoLSplit

(c) XBars (d) ThreeL & ThreeLBCF

(e) FourL & FourLBCF (f) FiveL

(g) SixL (h) Density Scale

Figure 5.13 Interpretation into Stiffened Panels of the different Layout Families
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From this size optimization, the suitable dimensions and properties associated with each
layout are obtained. The properties of each layout are presented in table 5.9.

The results from the size optimization show that stiffening layouts have a significant impact
on the buckling strength of stiffened panels. From the density-based model, it would have
been expected to have similar performances from each topology, but size optimization results
show that an inappropriate choice of layouts can make a panel much heavier for a similar
strength. Furthermore, it turns out that the layout obtained the most in the exploration (see
fig. 5.10), the TwoL turns out to be one of the heaviest solution.

Linear buckling does not always capture the interaction between the different buckling modes
and material non-linearity. As such, a non-linear validation step is necessary to accurately
assess the capabilities of the different stiffening patterns.

5.3.2 Validating the Stiffening Layouts

A quasi-static non-linear FEM analysis considers both the geometrical and material non-
linearity. However, it is computationally expensive, a single run may take up to several
minutes of calculations for a simple panel. As such, it should not be used for optimization.
Still, it will be used for the validation of the strength of stiffening layouts obtained with TO.
The non-linear analysis in Optistruct using the arc-length methods and the Riks adaptive
load-stepping algorithm [78].

The difference between linear static analysis and non-linear quasi-static analysis is that the
non-linear analysis progressively applies the loads [78]. As such, a load-stepping technique is
required. For quasi-static analysis, where dynamic effects are negligible, the implicit method
is preferred [78]. This method calculates for each load step the stiffness matrix of the FEM and

Table 5.9 Properties of each interpreted panels

Name Linear Compliance Max. stress Weight Weight
buck. [λ1] [lb.in.] [ksi] [lb.] diff. [%]

One Hat 1.0 2750 25 9.8 85%
TwoL 1.0 3600 32 7.6 43%
XBars 1.0 3900 68 7.2 36%
ThreeL 1.0 4410 39 6.1 15%
ThreeLBCF 1.0 5600 49 4.8 -10%
FourL (Baseline) 1.0 5000 45 5.3 –%
FourLBCF 1.0 6200 55 4.3 -19%
FiveL 1.0 5500 49 4.9 -8%
SixL 1.0 5294 47 5.1 -4%
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updates it iteratively until it finds equilibrium. During the first linear phase, the load steps
are larger, as the position of the next load steps is easy to predict. However, after buckling,
the non-linear effects are harder to predict, which requires progressively smaller load steps.
For our comparative study, we limit the number of load steps to 100 as it allows a good
comparative view of the problem while limiting the computation time. Another important
aspect of non-linear analysis is the impact of imperfections. The analysis could have a hard
time finding the buckling divergence point without imperfections and jump over it. As such,
it is important to model imperfection into the mesh of the FEM. The recommended approach
is to first conduct a linear buckling analysis and deform the model using some of the first
buckling modes [78].

It should also be noted that the effect of material non-linearity is non-negligible. In prelimi-
nary works by our research group, the material used was aluminum 2024 alloy that has a yield
limit of around 45 ksi. This is close enough to the buckling limit of the panel that there is
a coupling of material and geometrical non-linearity that makes the stiffened panel unstable
before the linear buckling. This was the reason behind the choice of the aluminum 7075 alloy
that has a higher yield limit of 68 ksi, which removes some of the coupling of material and
geometrical non-linearity.

As an example, in fig. 5.14, we see the analysis for the handbook design where skin buckling
and collapse are separated. The effect of buckling is seen on the left figure, where both top
and bottom layers of the stiffeners become more stressed due to the buckling of the skin which
redistributes the load to the stiffeners. This effect is also seen in the change of the slope of
the applied force on the figure on the right. The non-linear analysis is able to continue until
collapse, close to the value of the applied load of 1.2 ∗ 105 lbf. The collapse of the panel is
illustrated in fig. 5.15.

In this section, we validate the sizing method to confirm (or refute) that the panels are indeed
as resistant as the linear buckling analysis suggests. First, the sizing optimization ensures the
linear stability of the panel up to the ultimate load (1.0 of the load ratio) for every topology.
Table 5.10 and fig. 5.16 show the effect of the layouts on the non-linear analysis. It indicates
that not all layouts are actually capable of reaching the ultimate load without collapsing.

The non-orthogrid design show significant premature collapse, even the BCFs. The addition
of non-uniform stiffeners enhances the coupling between the different components of the
stiffeners panels, which increases the effect of geometric non-linearity. For the design with
BCFs, the use of design map instead of FEM optimization could reduce this problem [88].

This shows a major limitation of using only FEM and linear information for the design
and optimization of stiffened panels. The coupling effect of in-plane and out-of-plane forces
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Figure 5.14 Non-linear analysis using the RIKS method for the baseline with sized with
handbook methods. Note that there is a separation between initial buckling and collapse,
this is the stable post-buckling.

combines to create geometrical non-linearity. Furthermore, the generally non-linear material
used in aeronautics has to be considered during design to ensure non-premature collapse.

5.4 Conclusion

This work has shown that the combination of buckling constraints with random initial values
allows TO to converge toward feasible material distributions. However, the density model
does not allow for a proper assessment of the strength and weight of different stiffening
layout. All the panels had very similar properties when evaluated with the density-based
model, but this does not hold true when it comes to the interpreted stiffened panels.

The layout of the stiffeners has a significant impact on the strength and weight of the stiffened
panels. This shows that the modeling of buckling with the density-based TO is not accurate.
Modeling the stiffeners into stripes of very thick shell elements, in the same plane as the skin
and loads, was the assumption made in order to smear the stiffeners into an equivalent model.
In turn, this allowed great design freedom and simplification for optimization, but it seems
it lowers too much the fidelity of the analysis. Still, current TO with a buckling constraint
can generate feasible solutions that may then be used to provide new insights. If, and only
if, a proper validation is done on the panels.



97

(a) At buckling initiation

(b) At full load (c) During collapse

Figure 5.15 Evolution of the displacement of the handbook optimized baseline during non-
linear analysis. Axis in inches.

Table 5.10 Non-linear validation of each interpreted panels in name order

Name Lin. Buckling Load Ratio at
[λ1] Collapse

XBars 1.0 0.85
One Hat 1.0 0.97
TwoL 1.0 0.85
ThreeL 1.0 1.0
FourL (Baseline) 1.0 0.98
FourLBCF 1.0 0.88
ThreeLBCF 1.0 0.91
FiveL 1.0 0.96
SixL 1.0 1.03
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Figure 5.16 Non-linear relation between displacement and applied load for all layouts. The
analysis stops at numerical instability or when collapse is reached. See fig. 5.13 for definition
of layouts.
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From these results, the first observation is that the design space is very large: for 500 different
starting points, there are 500 different minima. The second observation is that the number
of layout families is finite. From the results of a batch of five hundred TO, only 8 different
families of layout were obtained and compared.

Those layout families have been interpreted into stiffened panels. The sizing results show
that orthogrid is better than more organic shapes when sized with FEM optimization. Since
the orthogrid layout is also proposed by TO, it may be concluded that TO with a buckling
constraint and random initial values is a method capable of generating feasible solutions.

Also, the non-linear analysis shows that not all layouts are equivalent in terms of the
strength/weight ratio but that at least the linear buckling approximation is good enough
to find feasible layouts. It was shown that the effect of the topology on strength is significant
but not captured completely with the implicit generation of density-based method. Depend-
ing on the topology, for the same buckling strength, the weight ranges from a 85% increase
to 19% decrease when compared to the baseline topology. There is currently no clear link
between the strength of the density model and its interpreted model. More work could be
carried out to incorporate stable post-buckling in the FEM-based sizing process.

As such, when it comes to generate stronger or lighter solutions than the already existing
aeronautic solutions, the results in this work show that TO with buckling constraints does not
result in new layouts for this case study. Furthermore, computation time is excessive (multiple
hours per solution) even though the case study has been reduced to its simplest form. The
current handbook design methods still offer an easier, more complete approach by considering
non-linear aspect using semi-empirical equations. Still, since the material distributions have
been shown to be at least feasible, it could also be interesting to push this work further and
automate the family layout analysis with a vision-based recognition tool as the one developed
by the authors in [151].

Additional work may improve the TO formulations with buckling constraints or objectives.
It is shown that modeling stiffeners as thick shell elements for TO does not capture buckling
properly, as shown in the differences between material distribution properties versus the inter-
preted stiffened panels. It appears that the implicit generation of stiffeners as density variables
is not an appropriate approximation of the physics of panel buckling, which makes the op-
timization converge simply toward coherent, but not optimized material distribution. More
work is required to improve the representation of buckling with the density-based method.
Another research avenue could be to implement other topology optimization algorithms, such
as the ground structure or moving morphable components [5, 226].
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Abstract

Reducing the weight of structures remains a major challenge in the aviation industry in order
to reduce fuel consumption. The stiffened panel is the main assembly method for primary
structures in aircraft, e.g. fuselage or wing. Density-based topology optimization has been
used in research and in industry as a tool to help create new stiffening patterns for aircraft
components, such as ribs, spars, bulkheads or even floor design. One critical aspect of stiffened
panel design for wing structures is the buckling resistance. However, most work found in the
literature does not include buckling analysis during optimization which leads to sub-optimal
results when the stiffening layout is validated for buckling. Including buckling as a constraint
for the density-based topology optimization has proven to be a complex task, mainly caused
by the fact that the buckling of the stiffeners is not captured accurately. As such, this work
presents an optimization method for stiffened panels based on the ground structure approach
usually used for truss topology optimization. The main novelty of the method is the use of a
Stiffener Activation Variable (SAV) to activate only one variable at a time, either the height
or density variable associated with each stiffeners of the ground structure. This work shows
that while ground structure topology optimization requires more setup time and limiting the
degrees of freedom of the optimization, it finds the best stiffening layout efficiently when
compared to the density method.

6.1 Introduction

For the design of aircraft, it is important to reduce the weight of components as much as
possible to reduce fuel consumption. As such, the structures built with stiffened panels have
been used extensively in the aircraft industry due to their high strength and their relative
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low weight [29].

The failure and collapse of traditional stiffened panels are well studied and understood,
stiffened panels are made of thin metallic components and are thus sensitive to buckling
collapse [26,58]. The traditional stiffening pattern has stiffeners placed orthogonally to each
other in what is called the orthogrid configuration. The usual structural optimization method
uses semi-analytical calculations for buckling constraints, but is limited to the orthogrid
configuration [26,58].

In the recent years, new manufacturing techniques and new optimization methods were de-
veloped, broadening the possibilities for the design of stiffened panels. One research avenue
extensively exploited is to use topology optimization to explore new stiffening configurations
for the design of lighter aircraft components, such as wings and fuselages [38, 155,196,218].

Optimizing for new stiffening configurations faces two main challenges among others. The first
challenge is related to the modeling and buckling optimization. Since the accepted method
uses semi-analytical formulas, proposing new layouts requires more flexible analysis tools,
such as the FEM. The second challenge is related to the high number of design variables of
topology optimization problems.

There is no easy solution to address these challenges, as they compete against each other.
Ideally, one would need a quick mean of assessing buckling accurately coupled to a fast
method of exploring the design space.

The most used method for topology optimization is the density-based method, especially
the SIMP method [13, 37, 141]. Density-based methods also includes (B)-ESO and Level-
set [141]. Another approach is the ground-structure approach, also called truss topology
optimization, that is usually used for completely discrete assembled structures, such as cranes
and bridges [227, 228]. More recently, the MMC, has also been proposed recently where
discrete components are free to move in the design space using displacement and morphing
variables [5, 229].

Of all these methods, only the SIMP method is widely implemented into commercial software
packages, such as HyperWorks or ANSYS Workbench [78, 79]. Therefore, most industrial
applications of topology optimization for aircraft design use the SIMP method [13].

Despite its wide use, there are very few publications that includes a validation of their new
stiffening layouts for buckling. Therefore it has been difficult to assess which design meth-
ods and tools actually result in feasible solutions [13, 38]. Furthermore, only [155, 221] have
included buckling as an optimization constraint. Consequently, in a previous work [223], our
research group has shown that the material distribution buckling resistance is not directly
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correlated with the buckling resistance of the stiffened panel. It was highlighted that the
modeling of buckling of the density-based method is not a good approximation of stiffen-
ers [223]. Still, the density-based method remains a well-performing topology optimization
method that deals, in a reasonable amount of time, with a large number of design variables,
while exploring a vast design space [141].

Both MMC and ground-structure are interesting approaches to eliminate the buckling mod-
eling problem, but only the ground-structure approach could be quickly implemented directly
into a commercial package, such as Optistruct.

This work presents a topology optimization method for stiffened panels based on the ground
structure approach that also uses the SIMP material interpolation. The main novelty of the
method in this work is the introduction of a Stiffener Activation Variable (SAV) that greatly
improves the convergence of the optimization towards manufacturable solutions.

6.1.1 Optimization with a Buckling Constraint

All the topology optimization methods listed in the last section uses FEM to capture dis-
placement, stress and buckling of the structure. Our main design driver for stiffened panel
being buckling, this section discusses how to capture it with FEM. It is possible to approx-
imate the buckling critical loads of a given structure by computing the eigenvalues of the
stiffness matrix. The first step, as for any FEM, is to compute the equilibrium equation [230]:

Ku0 = P (6.1)

where K is the stiffness matrix, u0 the equilibrium displacement vector and P the load vector.

From the static solution, it is possible to solve a generalized eigenvalue problem associated
with buckling:

(K + λKσ(u0))ϕ = 0, for ϕ 6= 0 (6.2)

where Kσ(u0) is the stress stiffness matrix for which the computed eigenpairs (λj, ϕj) are
respectively the buckling load factors and its associated nodal displacement of the jth buckling
mode [230].

The first buckling mode is of interest, as it defines the critical mode for which it is possible
to define the critical load:

Pcr = λ1P (6.3)

where Pcr is the critical of buckling load associated with the 1st buckling mode λ1 and P the
external force [230].
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With the computed first eigenvalue of the FEM, it becomes possible to quickly assess and
constrain the buckling strength of the stiffened panels during optimization.

6.1.2 Ground Structure Topology Optimization for Stiffened Panels

In opposition to the density-based method that is a continuous topology optimization method,
the ground structure approach uses a pre-defined discretization of the design space. This pre-
defined design space is called the ground structure.

The ground structure approach is generally used for the design of truss assemblies, for bridges
or building designs [2]. The classic ground structure approach uses continuous design variables
where the area of the cross-section of trusses is used as variables. The ground structure
approach may also use a discrete formulation for the design variables, where they either exist
or don’t. This formulation usually uses evolutionary optimization solvers, such as the genetic
algorithm.

Challenges with the ground structure approach for buckling optimization arises from the fact
that most of literature studies only truss assemblies. This creates three challenges. First, for
truss assemblies, the local buckling of the thin trusses is easily evaluated locally as each truss
may buckle individually. However, the evaluation of global buckling modes remains an open
challenge [165]. Second, as for stress constrained optimization, a buckling constraint creates
a disjointed and non-convex design space [231]. Finally, there are challenges related to the
jump in buckling length [227]. This problem is related to the nature of truss ground structure,
as the length of the independent trusses depends on the existence of the adjacent trusses,
which creates non-linearities in the design space [227].

These challenges are alleviated for the optimization of stiffened panels by introducing a com-
bination of certain geometrical variables. Furthermore, as this method is specific to stiffened
panel topology optimization, there is always a continuum of material (web of the skin) con-
necting the boundary conditions, which removes the problems associated with individual free
trusses.

To test and illustrate the proposed method, a section of the upper plank of the wing of an
existing aircraft is used.

6.2 Case Study

The studied panel is a section of a typical wing upper plank of an existing commercial
airplane, see fig. 6.1. This section is chosen due to its high compressive load that leads to a
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critical buckling margin.

The Detailed FEM (DFEM) of the stiffened panels uses the double half-bay modeling tech-
nique, described in [68] to ensure the modeling of both odd and even buckling modes. The
material used is a 7075-aluminum alloy with the properties defined in table 6.1 [232].

Aircraft have multiple complex loading conditions; from crash landing to wind gusts, ev-
erything is considered. There are more than a hundred loading conditions that need to
be considered for validation, but to simplify the optimization, only one critical load case
is selected. Load values are extracted from a linear static analysis of the aircraft General
FEM (GFEM). This is a common practice for the margin of security calculations in the
aerospace industry [26, 58]. The load case is modeled as a combination of three loads: Axial
compression, transverse compression and shear, see fig. 6.2. The properties of the baseline
design are presented in table 6.2 and will be used to compare the new layouts.

In terms of topology optimization, it will be useful to define a comparison with the density-
based method. Density-based topology optimization has been used in the past by our research
team [223]. One of the conclusions of this work is that the evaluation of buckling during
topology optimization is not captured accurately by the density-based model [223].

From this work, multiple topology optimization has been carried, the two results that come
most often are the two- and three-stiffener layouts. The four to six stiffeners layouts represent
a much smaller number of the results. However, as shown in table 6.3, the five- and six-stiffener
layouts are much more efficient in terms of buckling strength.

6.3 Ground Structure Method for Stiffened Panels Design

This section details the method used for the optimization of stiffened panel, using the ground
structure approach. Firstly, the setup is described, which includes the geometry and variable
equations. Secondly, the optimization process and the results for the case study are presented.
Finally, a validation is performed on the best solution to ensure that buckling was correctly

Table 6.1 Aluminum 7075 properties [232]

Property Value
Young’s Modulus E0 [ksi] 10, 700
Poisson ratio [−] 0.33
Yield limit (Fcy) [ksi] 68

Material Density
[
lb.

in3

]
0.1
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Figure 6.1 Four-stiffeners (Baseline) sub-components of the stiffened panel

Figure 6.2 Loads applied on the baseline stiffened panel

Table 6.2 Baseline properties

Property Value
Weight [lb.] 5.2
Compliance [lb.in.] 4900
Maximum Stress [ksi] 45
First buckling mode [λ1] 1.08
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Table 6.3 Properties of some layouts obtained with density-based optimization compared to
the baseline obtained with handbook methods.

Name Weight [lb.] Weight difference [%]
TwoL 7.7 48%
ThreeL 6.5 24%
FourL [Baseline] 5.2 [−]
FiveL 4.6 −12%
SixL 4.5 −14%

considered during optimization. There is multiple software available to leverage both FEM
and optimization at the same time. The authors are familiar with the Altair HyperWorks
suite, so HyperMesh is used to create the ground structure and Optistruct is used to solve
the optimization problem [78].

The optimization is defined as followed:

Objective Minimize Weight

Buckling λ1 ≥ 1.08

Von Mises Stress σVM ≤ 60.0

The objective is to reduce the weight of the panel, while ensuring that it is fail-safe. The
buckling constraint is set to have the same strength as the baseline (1.08) as to make com-
parison easier with new stiffener layouts. The stress constraint is set lower than the yield
limit (68 ksi) of the material to be able to differentiate the effects of geometric and material
non-linearities.

To find feasible solutions quickly, a gradient-based solver is used. It is usually a good solution
for continuously derivable solutions. It is also the default solver for Optistruct, which uses the
sequential quadratic programming (SQP) solver [78]. This is combined with a design space
exploration that uses a design of experiment (DOE) that creates evenly spaced random initial
values.

6.3.1 Setting-up Ground Structure Topology Optimization

The design of the ground structure was made to have as much degrees of freedom as possible
without requiring a restricting number of design variables.

The ground structure for the proposed method consists of straight stiffeners arranged in a
grid, as shown in fig. 6.3. Most possible stiffeners are positioned axially (in the X direction).
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The case study is simple, consequently it is expected that the solver finds only axial stiffeners.
Diagonal and transverse stiffeners have been added as design variables to verify that the
proposed method is able to remove useless stiffeners.

One of the disadvantages of the ground-structure method, is the prerequisite work necessary
to define said ground-structure. Hereby, the resulting solution is highly dependent on the
design of the ground-structure. The current ground-structure is limited to a simple and
restricted design area. Multiple new stiffeners possibilities were defined in the X direction
and some on the diagonal and transverse directions. This forms a basis of manufacturable
stiffeners that can be added or removed from the solution. More transverse and diagonal
stiffeners could have been considered, but a simple ground-structure has been initially chosen
to validate the method.

Another challenging aspect of developing a ground structure method for stiffened panels is
to find a variable formulation that does not create any unusual numerical behavior.

The first iteration formulation, as like most ground structure approaches, uses the cross-
section as the design variable. So, for our case study, it means associating a height, thickness
or combination of both as design variables. The details on the geometrical variables are
presented in 6.4.

Topology optimization seeks to find the best stiffening layout, while deciding which stiffeners
are kept and which can be eliminated. Therefore, the different variables describing the stiff-
eners need to approach zero. For buckling optimization, this becomes critical as even small
values of thickness or height have a significant impact on buckling strength.

In the case of stiffener thickness as the design variable, small thicknesses will buckle very
early. This makes the solver add thicknesses for all the possible stiffeners which tends to
create heavy non-optimal solutions. Using only the height of stiffeners as the design variable

Figure 6.3 The stiffened panel ground-structure



108

Figure 6.4 The design variables for the ground-structure topology optimization.

creates singularities and high mesh distortion for very low height. As such, the solver is not
able to go toward a light feasible solution. Combining size and height only increases the
weaknesses of both variable formulations. Therefore, a comparison with these formulations
is not added to this work, as the solutions obtained are not feasible.

Inspired by the continuous density-based topology optimization, a density variable is assigned
to each stiffener. Just like the SIMP method proposes, this density variable affects the young
modulus (Ex) of each stiffener, as shown in eq. 6.4 [2].

Ex = ρpxE0, where ρx ∈ [0, 1] (6.4)

where ρx is the density of the xth stiffener, P the penalization factor and E0 the young
modulus of the applied material. As discussed in [2], a penalization factor P of 2 or 3 results
in the elimination of most intermediate densities.

The use of density variables greatly helps the optimization towards lighter and stronger
stiffening layouts. However, it introduces multiple local minima, which results in a general
convergence toward heavy stiffening layouts for a gradient-descent optimization.

Instead of working with the height and density as independent variables, we define a new
independent stiffener activation variable (SAVx). This allows to define density (ρX) and
height (Hx) as dependent variables from the SAVx to activate only one variable at a time.
The activation of a variable is defined as when the value may change between iterations.
Inversely, an inactive variable is constant between iterations.

This is very useful as the density variable is only active when the height of the stiffener
is at its lowest and inversely the height variable is only active when the stiffener is at full
density. The relationship between the different variables are defined in eq. 6.5, 6.6, and 6.7,
and illustraed in fig. 6.5 and table 6.4.
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SAVx ∈ [−1, 1] (6.5)

ρx = −max(0,−SAVx) + 1 (6.6)

Hx = Amax(0, SAVx) +B (6.7)

ρx Hx

SAVx ≤ 0 Variable Hx = B [0.5 in]
SAVx > 0 ρx = 1 [Full] Variable

Table 6.4 The relation between density (ρx) and height (Hx) variables for each stiffener
(SAVX) variable

where A is the range of the height variable (A = 1 in) and B the minimum of the height vari-
able (B = 0.5 in) to limit the effect of mesh deformations due to morphing. This formulation
allows ρx to be only active when SAVx ∈ [−1, 0] and Hx when SAVx ∈ [0, 1]. The minimum
height B (0.5 in) was chosen to limit the effect of virtual buckling modes and avoid the effect
of mesh deformations. The maximum height A + B (1.5 in) was chosen to ensure that the
stiffeners stay within the existing envelope of the aircraft.

By using these relations, each stiffener has the possibility to fade in and grow or shrink and
fade out. This has allowed us to have an optimization model that converges toward light
feasible minima.

With the newly design variables defined, the complete optimization problem becomes:

Optimization formulation Objective [lb] Minimize weight
Buckling constraint λ1 ≥ 1.08

Von mises stress [ksi] σVM ≤ 60
Design variables Stiffener existence (SAVx) [-] [-1.0, 1.0]

Stiffener thickness (Tx) [in] [0.050, 0.250]
Skin thickness (Ts) [in] [0.050, 0.250]

6.3.2 Solving Ground-Structure Topology Optimization

The challenge of working with aeronautics structures is that they have already been optimized
extensively. This means that only finding feasible results is generally not enough; a global
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Figure 6.5 The relation between density (ρx) and height (Hx) variables for each stiffener
(SAVX) variable

minimum is what we are searching for. However, due to the nature of topology optimization,
global search algorithms such as the surface response method or evolutionary optimization
are still computationally expensive. This is another reason that a gradient-descent solver is
used in this work.

To help the solver find the global minima, multiple optimizations are necessary, although it
does not guarantee a global minimum. To explore the design space thoroughly, the initial
values are changed using a Latin Hypercube DOE of a hundred gradient descents. A graph
of the results of each gradient-descent is presented in fig. 6.6.

The graph shows that most of the gradient descent (93/100) can find a feasible solution.
The graph also shows that the quality of the feasible solutions varies greatly. We face the
same problem as any optimization considering buckling; there are multiple local minima. The
weight of the feasible solutions ranges from 5.1 to 8.5 lb. The active constraint, for all feasible
solution, is the buckling constraint. All solutions have stress levels under 45 ksi, very far from
the yield stress, which shows that the buckling constraint is driving the optimization and not
stress constraint, for the test case.

The four lightest stiffening layouts are illustrated in fig. 6.7. They are equivalent to the
baseline in terms of strength and weight. However, they do not have free flanges which



111

Figure 6.6 Distribution of results from a 100 random initial values ground-structure topology
optimization.

should help reduce their weight. The best solutions show that the solver can eliminate parasite
diagonal and transverse stiffeners. The best minima are all simple layouts, with only a few
stiffeners, all at maximum height.

6.3.3 Interpreting and Sizing Proposed Layouts

As described in the last subsection, to simplify the topology optimization a few hypotheses
were required. The first element that needs verification is that the effect of small or intermedi-
ate density values have, at most, a small impact on the buckling and weight values. To verify
this, the sizing optimization of the panels is carried out by removing the stiffeners completely
with very small SAVx values. The four best solutions are directly sized to demonstrate the
effect of small SAVx values.

Furthermore, just as density-based topology optimization, an interpretation of the variables
helps to find true optimal results. A few iterations of the interpretation show that iso-spaced
stiffeners offer a more efficient structure.

This could not always be the case for all stiffened panels, especially for more complex struc-
tures, but it proved effective for the test case. The interpretations of the optimization results
are shown in fig. 6.8.
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(a) Ground structure A, weight = 5.1 lb.
(GSA)

(b) Ground structure B, weight = 5.2 lb.
(GSB)

(c) Ground structure C, weight = 5.2 lb.
(GSC)

(d) Ground structure D, weight = 5.3 lb.
(GSD)

Figure 6.7 Ground-Structure lightest layouts, color indicate regions affected by different vari-
ables.

(a) ISO-SPACED A. (ISA) (b) ISO-SPACED B. (ISB)

Figure 6.8 Interpretation of stiffening layouts. The interpretation process uses engineering
knowledge to modify the results towards more classical solutions. ISA has 5 stiffeners and is
interpreted from GSA and GSD and ISB has 6 stiffeners and is interpreted from GSB and
GSC.



113

A sizing optimization is done on all selected layouts. The sizing formulation is shown here:

Optimization formulation Objective [lb] Minimize weight
Buckling constraint λ1 ≥ 1.08

Von mises stress [ksi] σVM ≤ 60
Design variables Stiffener thickness (Tx) [in] [0.050, 0.250]

Stiffener Height (Hx) [in] [0.5, 1.5]
Skin thickness (Ts) [in] [0.050, 0.250]

From the sizing optimization, it is possible to compare the effect of the small density values on
the weight of the panel, see table 6.5. The effect of the small density values seems negligible,
as the difference between the ground structure model and the interpreted model is less than
5%.

Weight [lb]Stiffening
Layout Optimized

Ground Structure W\O Intermediate Densities With Free Flange

GSA 5.1 5.3 5.0
GSB 5.2 5.5 5.1
GSC 5.2 5.4 4.9
GSD 5.3 5.5 5.0
ISA [NA] 4.6 4.6
ISB [NA] 4.5 4.5
Baseline [NA] 5.6 5.6

Table 6.5 Comparison of stiffening layouts. See fig. 6.7 and 6.8 for stiffening layout definitions.

Also, from the sizing results, the weight of the best layouts is within accuracy margin of error,
which shows that the best layouts are close together in terms of efficiency. This gives a good
number of possibilities for the designer to find good stiffening patterns that may accommodate
for the installation of systems or other attachments. Of course, for more complex shapes and
loading conditions, new concepts could come challenge the existing straight stiffeners. Still,
it shows that the method can find optimal solutions.

Another interesting effect is that the iso-spaced solutions are much lighter than the baseline
of the ground structure results. It shows that a using purely optimization, just as for the
density-based method, is not enough to really optimize the layout of stiffened panels.

6.4 Discussion

This section discusses the method and results from the optimization of the case study pre-
sented in the previous section. The method is compared qualitatively with the density-based
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method for the three main design steps: setting-up, solving and post-processing. Improve-
ments of the method are further explored.

6.4.1 Topology Optimization Setup

Setting-up ground structure topology optimization compared to the density-based method is
more straightforward but requires many manipulations. It is more straightforward in the sense
that it does not require any modeling hypothesis, building the ground structure is simply
about adding more possibilities and more variable to the design space, whereas modeling
for the density-based method requires multiple modeling hypotheses and parameters tuning.
Our work has found that to find good solutions, ground structure was easier and quicker to
put in place.

In terms of setup, the challenge of the ground structure method is more in terms of scalability.
For the density-based method, once the modeling hypothesis and optimization parameters are
set, the setup of the problem is independent of the scale. For the ground structure method,
when the problem gets more complex much more time is required for setting-up the ground
structure, as much more design variable needs to be created. Though, this could be scripted
which would make the creation of ground structures much easier.

6.4.2 Computing Topology Optimization

The main disadvantage of the ground structure method is its limited design of freedom
compared to the density-based method. Where the density-based method is completely free
to propose any shape and path for the stiffeners, the ground structure is limited to the
possibilities proposed in the design space. However, with a good sense and knowledge of the
problem, it is not a complex task to propose a good ground structure.

For the same case study, the ground structure method takes around 5 hours per gradient-
descent on a given computer, whereas a SIMP run on Optistruct takes about 2 hours per
gradient-descent on the same computer. The two methods converge under a hundred iter-
ations. For both methods, a hundred different initial values gave a good overview of the
possible stiffening layouts.

Both methods use a gradient-descent solver, so they are very sensitive to the initial values of
the variables. They are also capable of finding feasible solutions about 90% of the time, de-
pending on the initial values of the variables. However, the ground structure method globally
finds excellent layouts more efficiently than the density-based method.
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6.4.3 Interpretation and Sizing

The interpretation of the ground structure results is straightforward, remove the stiffeners
with a small density value and group together long and thin stiffeners that are close together.
By nature, the results of the ground structure method are easily manufacturable as only these
solutions are made available in the ground structure. The interpretation for the density-
based method is the complete opposite, where good care and understanding of the results
is necessary to interpret the material distribution correctly. This difficulty is mainly caused
by the fact that density-based topology optimization usually results in very organic material
distributions if not parameterized correctly.

This is emphasized by the fact that density-based topology optimization is not accurate in
modeling the effect of stiffeners on the buckling of the panel, as shown in [223]. This is where
the ground structure method shows its main advantage: its results can be directly translated
into good light and strong stiffening layouts, with minimum interpretation is required to
obtain lightest design.

As discussed in the introduction, the use of the density-based method resulted into few five- or
six-stiffener configuration. It could easily have been missed by the design space exploration,
whereas all the best solutions of the ground structure may be interpreted into a five- or
six-stiffener configuration which are globally the best solutions.

6.4.4 Possibilities of Improvement

For the design of stiffened panels both the density-based method and this work’s ground
structure method has shown strength and weaknesses for which more research could help
mitigate.

In the case of the density-based topology optimization, each increment of maturity of the
method requires a lot of research, as it allows an overwhelming number of possible topolo-
gies. However, in terms of adding complexity in terms of model responses or automating
interpretation it is very limited.

For the ground structure method, even though the design freedom is limited, there are a
lot of improvements that could easily be incorporated. Due to the semi-discrete approach,
it would be easier to implement analytical constraints to the optimization, such as crippling
or controlled skin buckling. For design automation purposes, the ground structure process
setup is simpler due to the already discrete components easily interpretable in the ground
structure.
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6.5 Conclusion

In conclusion, optimizing the topology of the stiffeners of a stiffened panel remains a challenge.
With the ground structure method, it is possible to define a feasible design set of stiffeners
and allow the optimization to find the placement and sizing in a single optimization run. The
combined density-height variable, the stiffener activation variable, allows the gradient-descent
to avoid the numerical errors associated with both independent variables.

The stiffened panels sizing optimization has shown that, compared to the density-based
method, the ground structure method converge to the lightest solutions more often. The
results are also easier to interpret and shows an excellent potential for complex design space
and complex optimization constraints. Future work will integrate this method in a full wing-
box optimization problem with multiple load cases.
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Abstract

Stiffener layout optimization for stiffened panels is currently an active area of research. Mul-
tiple works have used parametric and topology optimization to develop new layouts that
seek to reduce the weight of the panels in aircraft assemblies. This work introduces a new
algorithm based on generative design to propose new and efficient layouts quickly by lever-
aging lessons from generative design systems, topology optimization, axiomatic design and
stochastic search. Generative design has three main properties that require an application
of specific properties of generation, representation and exploration. The proposed algorithm
leverages a novel functional complexity measure to rebalance the layout optimization process
towards a more explicit generation, more accurate representation and increased diversification
of the exploration. Two case studies of commonly used stiffened panels are done to showcase
the performance of the algorithm. The results have shown that using complexity to drive
exploration allows our algorithm to converge quickly to simpler and stiffer stiffener layouts.

7.1 Introduction

Reducing the weight of structures is an active challenge of the aviation industry, with the
goal to reduce fuel consumption and thus increase the efficiency of aircraft transportation.
The stiffened panel is the basic structural component from which assemblies are built, such
as the fuselage, wings, control surfaces, etc. In industrial applications, stiffened panels are
reinforced using orthogonally placed stiffeners, in what is called the orthogrid layout.

New analysis, optimization, design and manufacturing methods, such as electron beam free-
forming, additive manufacturing and integrally machined stiffeners, have opened new oppor-
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tunities for innovation in structural design. These new manufacturing methods offer a much
larger design freedom for stiffener placement than traditionally assembled stiffened panels.

With traditional design and manufacturing methods, the only available layout is the orthogrid
panels, which consists of orthogonally placed stiffeners. This layout has proven very effective
in multiple industrial applications [58]. There are very few new layouts used in aircraft design,
in part due to an increase in analysis and validation complexity and limited number of
empirical data available for such layouts. Some good examples of new layouts are the buckling
containment features (BCF) and the curvilinear stiffeners. BCFs were found to increase the
strength to mass ratio of stiffened panels in certain regions of a commercial wing box [3].
BCFs and curvilinear stiffeners have been proposed from experience and intuition of engineers
and researchers to improve the design of stiffened panels [27,88].

The topological design space is large and complex to navigate. Consequently, traditional
design and optimization tools are having trouble finding innovative ways to leverage the new
manufacturing techniques. Since finding new effective layouts from experience has proven
to be challenging, new numerical tools have been developed to explore the design space
systematically and effectively. Some examples are the EBF3 optimization framework for
curvilinear layouts [30] as well as the use of density-based topology optimization [38, 39].
Another proposed approach has been the use of grids of curvilinear stiffeners [84,233].

In this line, the algorithm we propose will support the automation of the conceptual design
phase of the layout of stiffened panels. Our algorithm is based on generative design, topology
optimization, stochastic search, and complexity measures. We seek to improve on current
topology and parametric optimization methods while proposing an efficient and effective
technique.

7.1.1 Generative Design

In this work, we define generative design as the overall design process that leverages con-
ceptual automation tools to assist the synthesis of conceptual design [54]. Said otherwise,
generative design is an approach that leverages generative systems to explore and navigate a
large and complex design space. The generative systems, for which we include computational
design synthesis [115], topology optimization [2] and other generative design systems [54],
are computational tools that can generate conceptual solutions from simple set of rules.
Generative systems have the following properties:

1. They can generate complexity (the systems use base components to create emergent
properties of the assembly);
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2. They can generate solutions which have forms that are interconnected with their envi-
ronment;

3. They can self-maintain and self-repair (i.e. it can adapt to changing environment);

4. They can generate innovative shapes or forms [54].

Many different generative systems exist, each with different capabilities. Out of the many
ways of classifying them, we adapted the key properties proposed in [54] specifically for
generative systems of structures. The three proposed properties are defined as follow:

Generation refers to the way the algorithm infers the architecture or structure of
the solution from the description of the topological variables. Generative
systems can use a range from implicit to explicit topological variables
for generation.

Representation refers to the degree of fidelity used for performance evaluation of the
generative system. A balance exists between low-fidelity and high-fidelity
models, since capturing more complicated physics comes at the cost of
increased computational costs.

Exploration refers to the balance between exploiting a small but promising region of
the search space (Exploitation), and searching through a larger region
for possible better optimum (Exploration). Using stochastic search vo-
cabulary, exploration is discussed in terms of exploitation vs. exploration
or also in terms of diversification vs. intensification [234].

These three properties are linked and the challenge is to balance them towards a specific
need and application. Balancing the generative systems properties is about finding a com-
promise between them, as the decisions pertaining to these properties have a large impact on
computation time and convergence. For example, using implicit variables makes for an easier
implementation of gradient-based solvers, but at the cost of making high-fidelity representa-
tion more difficult and with a focus on exploitation rather than exploration.

In summary, generative design is about leveraging computational power and a generative
system to explore a complex design space, which includes topological changes, with the goal
of finding new innovative solutions from simple design rules. For layout optimization, there
are many types of generative systems that could be used for generation, with topology opti-
mization currently being widely used to inspire engineers [143]. To the best of our knowledge,
conventional generative design techniques have not been used for the layout design of rein-
forcement in stiffened panel applications.
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7.1.2 Topology Optimization

In structural engineering, topology optimization is currently used widely in multiple academic
and industrial research projects [76, 141]. More specifically, it has been used for the design
of many aircraft components such as wing, fuselage and sub-sysems [13, 38, 39]. Topology
optimization is generally used during the conceptual design phase to inspire engineers towards
new ways of designing structural components [102]. In current design practices, the Solid
Isotropic Material with Penalization (SIMP) method is by far the most commonly used and
is implemented in many commercial software [78,79].

As a generative system, SIMP has to compromise on the same three properties described in
the last section, generation, representation and exploration. This balance is discussed here.
SIMP uses an implicit generation, so the topological variables are implemented as a density
variable assigned to each finite element of the optimization model. This is the main strength of
SIMP, as this implicit generation makes the optimization setup very adaptable and flexible
to any type of structural problems. However, this also means that the representation is
generally low fidelity, as higher fidelity models are more difficult to implement [191]. There
are few publications that effectively leverage higher fidelity physics such as buckling, fatigue
or non-linear geometric properties during SIMP optimization [235]. The use of lower fidelity
models can make SIMP converge towards sub-optimal solutions for applications such as
stiffened panels [236]. As for the exploration capability of SIMP, it is fairly limited. Users are
only able to modify the optimization parameters, filters and boundary conditions to expect
different optimized material distribution. As done in [236], using different initial values is
the only way to expect different layout. Meanwhile, this method is inefficient in terms of
exploration, often the same layouts are produced. As SIMP uses a gradient-based solver, it
is predictably more exploitation focused. Using SIMP for design, the topology is inferred
from the implicit optimized material distribution to create a more explicit model for further
analysis, where higher fidelity models can be used more easily.

In our research we have found that the low fidelity representation and the low exploration
of SIMP has led to underperforming results for the design of stiffened panels which are
very sensitive to non-linear constraints such as stress and buckling constraints, but also to
imperfections [236]. To improve this, our research group also tried implementing a ground-
structure approach, which offers a slightly more explicit generation and a higher fidelity
representation but requires much more computing time for exploration [237].

More recent topology optimization techniques are the level-set method (LSM) and the moving
morphable component (MMC) [4, 5]. They both use more explicit generation techniques,
but still with low-fidelity representation and gradient-based solvers with low exploration
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capabilities. The LSM method uses an explicit description of the material boundaries and
the MMC method an explicit description of the sub-components [4, 5]. All of the current
topology optimization techniques don’t have completely explicit generation capabilities, as
the connectivity of the sub-components are always inferred and controlled only indirectly with
density, thickness, boundaries or subcomponents. A completely explicit generation techniques
would be to use graphs to include connection data during generation. We will discuss this in
more depth in the section 7.4.

The main limitation to exploration for topology optimization is related to the use of gradient-
based solvers which are not effective for exploration, as they are more effective for exploita-
tion [73]. In most application cases, topology optimization leverages a compliance-based opti-
mization formulation, with compliance defined as the inverse of stiffness and measured as the
total strain energy [141,238]. The compliance formulation has a convex design space for which
gradient-based solvers can effectively find the global minima independently of the initial vari-
able values [2]. For the case of stiffened panels, however, the proposed material distribution
is often highly complex and challenging to interpret and manufacture. Furthermore, in the
case where non-linear constraints are added, the solver can only find local minima [236,237].

7.1.3 Conventional and Performance-based Generative Systems

Conventional generative systems are defined by their lack of performance evaluation driving
the generation of concepts, that is the performance is still evaluated, but only once all the
concepts have been generated [54]. As such, the biggest advantage of conventional generative
systems is that they are able to quickly generate solutions respecting design rules without us-
ing computationally expensive performance evaluations [53]. However, these systems require
a “filter and select” algorithm to navigate the solution space [105]. For generation, there
are many techniques used in conventional generative systems, such as the shape, design or
graph grammars, L-systems, cellular automata, etc. [54]. Grammars are tools used often in
the architecture, engineering and construction industry, in which their ability to create new
interesting shapes that respond to specific requirements has great potential [54].

Performance-based generative systems offer more robustness than conventional generative
systems by using performance analysis throughout the design exploration [127]. Focusing
on performance allows the system to generate mostly feasible solutions, making the job of
engineers during the synthesis for concepts much easier, with less filtering and selecting
[127]. Still, evaluating performance accurately comes at the cost of much more computing
power which reduces the total number of solutions. Depending on the generative system,
slowing down for accuracy can greatly reduce the innovation and exploration of the systems.
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Meta-heuristic optimization algorithms, such as the genetic algorithm and particle swarm
optimization, are widely used in performance-based generative systems for design exploration
[128].

There are few works that leverage lessons from generative systems with topology optimization
applications. A good example of a generative system as topology optimization is the work of
Hooshmand & al. [136], where they leverage a graph-grammar with context-sensitive heuristic
rules to drive the exploration towards optimized topologies for the design of truss and cable
assembly.

7.1.4 Scope of this Work

This work focuses on the development of a generative system that has the ability to do layout
optimization of the reinforcement of stiffened panels. We mainly focus on finding a balanced
approach in terms of generation, representation and exploration. To achieve this balance, we
leverage lessons from many engineering disciplines.

For the generation, we use a graph-grammar which can create many reinforcement layouts
from action and rules. This allows for a quick explicit generation of layouts that also ensures
significant topological changes for each generation. In this work, the generation is imple-
mented in Matlab. [239].

As the generation is done via an explicit method, the choice of the fidelity of the representation
is flexible. We use an automation script to create a finite-element model for each proposed
solution. As the model can be output automatically, any fidelity level can be used, from
simple linear static to non-linear geometric analysis. We limit our case studies to linear static
displacement and linear buckling evaluation, as to keep computation time low. HyperMesh
and Optistruct from Altair are used to create and evaluate each model [78]. The automation
is implemented via the TCL scripting capabilities of HyperMesh [78]. Furthermore, to ease
the comparison process, we couple the evaluation with a sizing optimization, as this ensures
layouts are comparable to each other for a given property, be it weight, compliance or linear
buckling.

Finally, as for exploration, this work uses a novel relative functional complexity measure as
one of the objectives to drive the design space exploration. This ensures that novel design
proposed by generative design can be easily applied in an industrial context. The multi-
objective search is done using the basic Burst algorithm, a stochastic search approach for
graph-grammars [8]. The exploration is also implemented in Matlab [239].

We have named the generative system we developed the “Complexity-Driven Conceptual Ex-
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ploration for Aircraft Structures”, CD-CEAS for short. In summary, CD-CEAS is a two-step
optimization process, with the layout optimization being done using an exploratory stochas-
tic approach completed with a sizing optimization to measure and compare the performance
and complexity of each layout. The general algorithm and data exchange structure of the
CD-CEAS algorithm are illustrated in fig. 7.1.

In this paper, we will first discuss the source and usage of the proposed functional complexity
measure. We then develop how the generic complexity measure is applied for the specific case
of layout optimization of stiffened panels. This is presented in parallel with the description of
the inner sizing optimization loop. From there, the discussion focuses on the graph-grammar
generation algorithm. Our implementation of the basic Burst algorithm is explained with the
adaptation necessary for complexity-driven search. Finally, two case studies of common usage
of stiffened panels are proposed to showcase the efficiency of CD-CEAS. The first focuses on a
rectangular pressure bulkhead and the second on a highly compressed and buckling sensitive
panel.

7.2 Complexity Measures for Optimization

In the topology optimization community, some research groups have implemented complexity
constraints to topology optimization. In density-based topology optimization, size filters are
considered complexity limits [240]. In the ground-structure method, the number of nodes,
edges and connections are used to measure and constrain geometric complexity [241]. In
LSM, the complexity is calculated depending on the number of basis functions [177]. Finally,
for MMC, complexity is measured by the number of effective components [242] In summary,
in the topology optimization community, complexity is only measured with regard to the
geometry of the solution.

Measuring design complexity is an active area of research, with perspectives from many dif-
ferent disciplines [47, 243–246]. In this work, we focus on the definitions used in axiomatic
design for conceptual design [47]. As such, complexity is not only related to geometry, it also
becomes dependent on the specific problem. Thus, the measure we propose is relative and
allows for an easier synthesis of multiple solutions with respect to a specific problem. The
complexity measure leverages the concepts of functional requirements (FR), design parame-
ters (DP) and the design matrix of the sizing sub-problem, rather than the geometry of the
solution alone. This allows for functional complexity that is relative to the specific design
problem. Before introducing the complexity measure, it is necessary to introduce some key
concepts of axiomatic design.
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Figure 7.1 General process of the CD-CEAS approach.

7.2.1 Introduction to Axiomatic Design

Axiomatic design is born out of a need to create a systematic approach for the design process
[47]. Since its introduction, axiomatic design has been used in a wide variety of product design,
from software to engineering systems [47]. Axiomatic design is offering an alternative to the
trial and error approach and is part of the first-time right paradigm [46]. It is used for both
product creation and concept improvements, focusing mainly on efficiency and robustness
[247]. In summary, axiomatic design provides a framework to understand the effect of design
on the quality of the product. In other words, it makes sure that you do the right things and
that you do things right [46].

One of the main aspects of axiomatic design is the separation of the design activity into four
domains, with the following properties:

Customer attributes (CA) The needs and desires of the customer,

Functional requirements (FR) The well-defined required function and sub-functions
of the product that will fulfill the CAs,

Design parameters (DP) The solutions selected to address the FRs,

Process variables (PV) The process (e.g. manufacturing, implementation, or
resources) through which the DPs are realized.

For the complexity measure, we focus on the relationship between the FRs and DPs, which
is characterized and given by the design matrix (A). The design matrix can help identify the
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types of Information that is present in the current concept. (see eq. 7.1). The design matrix
may be built in two different ways, either as a set of linear equations or using the differential
relationship of each FRs with respect to each DPs (see eq. 7.2). In this work, we use the
differential design matrix.

[FR]m = A[DP]n (7.1) Aij = δFRi

δDP j

(7.2)

In addition to the domains, there are two identified axioms that stand as the basis of axiomatic
design: the Independence and the Information axioms [47]. The first axiom stipulates that a
good design maintains independence between the FRs. The second axiom puts emphasis on
the need to minimize the Information content of the design. Here, the Information content
is defined as the probabilistic relation related to the number of combinations which leads to
uncontrolled FRs with respect to the DPs [47]. Said otherwise, the Information content of a
design reflects the probability of DPs not satisfying every FRs.

Using these axioms as starting points, Suh has defined complexity as the difficulty to fulfill
these two axioms in a single design [47]. Further work by Puik & al. has extended this idea, by
developing a design complexity theory that uses Information content as its focus point [222].
Their theory separates design Information into different categories, providing a framework
to understand complexity:

Unrecognized Information is the unrecognized coupling between FRs and DPs that leads
to unexpected complexity. This Information content becomes
recognized when erratic behavior happens during product
testing,

Recognized Information is the recognized coupling relations between FRs displayed in
the design matrix,

Axiomatic Information is the uncoupled or decoupled information that is due to a
difference in design and system ranges. It deals with the prob-
ability of DPs to satisfy the FRs. Is usually addressed by
robust design and optimization techniques,

Superfluous Information has no effect on the relations of FRs and DPs,

Useful Information the total information that affects the relations of FRs and
DPs [222].

We seek to propose a functional complexity measure that can be used for our problem to
compare different solutions to the same problem, thus have the same set of functions (FRs).
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Traditionally, the visualization of the design matrix allows engineers to categorize solutions
between coupled (challenging), decoupled (acceptable) and uncoupled (ideal) solutions [47].
See eq. 7.3, 7.4 and 7.5 for the possible coupling levels observable in the design matrix.
Uncoupled solutions are the easiest solutions to implement, as no coupling between DPs can
perturb the FRs of the design thus making design straightforward.

Uncoupled Matrix
X 0 0
0 X 0
0 0 X

 (7.3)

Decoupled Matrix
X X X

0 X x

0 0 X

 (7.4)

Coupled Matrix
X X X

x X x

X x X

 (7.5)

In axiomatic design literature, there are two measures based on the design matrix for assessing
the coupling of the design matrix: re-angularity (eq. 7.6) and semi-angularity (eq. 7.7) [248].
Re-angularity measures the coupling of each FRs, with respect to all DPs [248]. In the design
matrix, each row represents a FR vector and each column a DP vector [248].

Re-angularity measures for each pair FR vector the angle between them. As such, if the FR
vector is the same as another the value of the pair becomes 0, indicating coupling. As the
re-angularity multiplies the angle of each pair of FR vectors, any value indicating coupling
(thus 0) makes the measure 0, thus showing a coupled system [248].

In a similar fashion, semi-angularity can detect if a system is decoupled or uncoupled [248].
It measures the relative size of the diagonal members of the design matrix, with other DPs of
a given FR vector [248]. If all DPs have similar effects on a given FR, there are no dominant
DP. Otherwise, if only a single DP has a significant effect on a given FR, then it is considered
dominant. If only one vector FRi measures a non-dominant DPj, then the semi-angularity
measure quickly tends to zero [248].

R =
n∏

i=1,n−1
j=i+1,n

[
1− (∑n

k=1 AkiAkj)2

(∑n
k=1 A

2
ki)(

∑n
k=1 A

2
kj)

]1/2

(7.6)

S =
n∏
j=1

‖Ajj‖
(∑n

k=1 A
2
kj)1/2 (7.7)

Both of these measures are not meant to measure the relative complexity of a given system,
it merely classifies the design matrix in one of the three coupling categories. Still, we keep
in mind what they are trying to measure: the coupling of FRs, or simply the recognized
Information content in Puik’s framework.
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7.2.2 Complexity Measure for Complexity-Driven Exploration

This work uses the Information complexity framework proposed by Puik & al., which was
discussed in section 7.2.1 [222]. Note that our goal is not to directly measure the Information
content of each design, but to develop indirect approximations that correlate with the Infor-
mation content. Unrecognized Information cannot be identified using only analytical data,
but the three other types (recognized, superfluous and axiomatic) can be approximated to
reduce unnecessary complexity.

In this section, the three approximations are introduced, with the symbol Ψ representing a
complexity approximation. These approximation will be aggregated using a simple euclidean
norm to approximate the useful (or total) Information content, see eq. 7.8.

ΨU =
√

Ψ2
A + Ψ2

R + Ψ2
S (7.8)

where ΨU is the useful Information content, ΨA the axiomatic Information content, ΨR the
recognized Information content and ΨS the superfluous Information content.

Let’s start by approximating the recognized Information content, which is the coupling of the
FRs with respect to DPs. Said in mathematical terms, we seek to measure the collinearity of
the FR vectors in the design matrix. A good tool to measure the collinearity of vectors is the
matrix conditioning number. In this work, we start from a generic definition (see eq. 7.9) [249].
This conditioning number uses the singular value decomposition (SVD) to measure is any
collinearity in the design matrix. For our implementation, we can use the function cond()
natively provided in Matlab [239].

cond(A) = max(SV D(A)
min(SV D(A)) (7.9)

However, this definition only uses the extreme (min and max) measures of the matrix and
as such can only identify if there is any collinearity or not at all. It is a very useful measure
of the complexity of computing the inverse of an arbitrary matrix, but not a good measure
of recognized Information. Consequently, as a recognized Information measure, we propose a
normalized sum of all SVD components, see eq. 7.10.

ΨR =

∑n
i=1

[
1−

(
SV D(A)i

max(SV D(A))

)2
]

rank(A) (7.10)

where ΨR is the recognized complexity, the SV D operation returns the singular value de-
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composition vector and the rank operation is the size of the design matrix. This measure of
recognized Information content is relative. When ΨR goes to zero, there is no collinearity, as
all the SVD terms are one. If there are multiple collinearity detected, then the measure goes
up to one.

Another aspect that is useful to measure is the axiomatic Information, that returns how
difficult it is to realize the functions with a given set of DPs. It is an indirect measure of the
robustness of the DPs with respect to the FRs. To measure axiomatic Information, we use the
condition number of a non-linear function [249], as defined in eq. 7.11. The condition number
of a non-linear function reflects the sensitivity of the FRs with respect to the DPs [249].

ΨA = ‖J(x)‖
‖f(x)‖ / ‖x‖ (7.11)

where ΨA is the axiomatic complexity, J(x) the Jacobian matrix of the sizing problem at
the local optimum, f(x) the performance at the local optimum and x the DPs at the local
optimum. The euclidean norm was used for this equation, but any matrix and vector norm
can be used. As we use the differential notation of the design matrix A, we can simply
replace the design variable as the Jacobian J(x) in the axiomatic complexity equation. From
our experiences, ΨA usually varies between 0 and 5. When ΨA goes closer to zero, it means
that big variations of DPs have a low impact on FRs. As it gets higher, the impact of DPs
get bigger on FRs, making the design more complicated to manage.

Finally, superfluous Information can arise when some DPs have no impact on the FRs,
they just make optimization more difficult. As such, we define the amount of superfluous
Information using a threshold (we use 10%) on the norm of the vector of the influence of
each DPs, as shown in eq. 7.12.

ΨS = 1− rank(Areduced)
rank(A) (7.12)

where Areduced is the reduced design matrix, from which DP vectors with a norm below 10%
of the maximum vector norm of A are removed.

Unrecognized Information is not captured in the design matrix, and as such we are not able
to measure it. Still, solutions with low complexity, that is with a low recognized, axiomatic
and superfluous Information will have an easier time managing the added Information that
can arise during testing, production and maintenance.

In summary, all of these Information content approximation and be used to approximate a
relative complexity measure. Useful information as a complexity measure can be used for
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any design problem where the design matrix can be computed in its differential form. In
the next section, we introduce how panels with different layout reinforcements are sized and
evaluated and also how we use this sizing step to create the differential design matrix used
for complexity assessment.

7.3 Performance Evaluation Implementation for Stiffened Panels

For the CD-CEAS algorithm, we need to be able to measure performance and complexity
automatically for any layouts created. In order to do so, we present here how we deal with
the FRs, constraints and performance of stiffened panels using the finite-element method.
Stiffened panels are composed of multiple subcomponents; the main component is the skin
to which stiffeners are added in order to increase strength, stiffness and stability [26]. The
stiffeners can be built in different ways, but generally have a pad-up section attached to the
skin, a web that is perpendicular to the skin and a free flange to increase the stability of the
stiffener (see fig. 7.2). The panels are periodically attached to bigger assembly components
such as the spars and ribs [26].

As the stiffened panels are built using thin sheet metal or laminated composite components,
buckling stability, imperfections and out-of-plane forces are the main concerns for their design
[58]. The most used design method for stiffened panels is based on handbooks [26,58] which
contains important relations and equations for the orthogrid configuration. For example,
analytical and semi-empirical equations exist to predict skin and Euler buckling, as well as
Euler-Johnson’s post-buckling collapse [26,58].

Current evaluation methods for stiffened panels uses semi-empirical equations, which are only
adapted for orthogrid panels [58]. In this work, we require a more flexible modeling approach
to be able to model any layouts. This is why we are using the finite-element method, which

Figure 7.2 Sub-Components of the Stiffened Panel
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is very flexible and adaptable [78]. The modeling is done using HyperMesh and the solving
with the Optistruct FEM solver [78].

To help with the synthesis and comparison of the different layouts, a sizing optimization
was added to the performance evaluation. For this, we also use Optistruct, which includes
a family of efficient gradient-based solvers. The sequential quadratic programming (SQP)
method is used for the sizing problem. Even though the constraints of the sub-problem are
non-linear, our experiences have shown a good convergence toward the global minima of the
sub-problem, showing that the problem is rather convex.

The objective of the sizing optimization can vary depending on the problem. It can be a weight
minimization with regard to non-linear constraints, or a simple compliance minimization
given a certain weight constraint. The exact formulation of the sizing optimization depends
on the case study, which we will discuss in section 7.6. At the optimum obtained from
the sizing, it is possible to measure complexity as described in section 7.2.2. We use the
optimization module of Optistruct to run and extract the sensitivity matrix. Optimization
responses and variables are used as approximations of FRs and DPs.

Compliance, the inverse of stiffness, is often used in topology optimization as the main op-
timization objective [2]. It allows for a fast convergence towards not only stiff, but coherent
concepts [2]. In topology optimization, a coherent concept ensures structural stability (e.g.
no unexpected possible displacement) and connectivity of boundary conditions. A minimal
compliance for a given volume is a good indicator of the capacity of a structure to main-
tain integrity. While topology optimization commonly measures the compliance of the whole
structure by measuring the total strain energy, we instead deal with local skin and stiffener
segments. As such, in this work we define the FRs of the stiffened panel as the stability of
each component, that is each skin and stiffener sections (measured as their local compli-
ance). The DPs of a given layout are defined as the thickness of each sub-components. Any
other responses, such as weight, stress, buckling or fatigue, can be considered constraints and
consequently they are not required to adhere to the design axioms [47].

Using local compliance measures as the FRs allows the algorithm to build the design ma-
trix simply by using the sensitivity analysis of the sizing optimization with regard to the
thicknesses and compliance of each sub-component, see eq. 7.13.

ASP =


δC1
δt1

. . . δC1
δtn... . . . ...

δCm

δt1
. . . δCm

δtn

 (7.13)
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where ASP is the design matrix of a given stiffened panel, Ci denotes the compliance of
each sub-component and tj their thickness. With this applied design matrix, it is possible to
use the complexity measure presented in sec 7.2.2. The sensitivity matrix of the sub-sizing
problem is used as the design matrix, the FRs as the local compliance measures (C) and the
DPs as the thickness (T) of each sub-components. See the updated equations 7.14, 7.15, 7.17
and 7.17.

ΨR,SP =

∑n
i=1

[
1−

(
SV D(ASP)i

max(SV D(ASP))

)2
]

rank(ASP) (7.14)

ΨA,SP = ‖ASP‖2
‖C‖2 / ‖t‖2

(7.15)

ΨS,SP = 1− rank(ASP,reduced)
rank(ASP) (7.16)

ΨU,SP =
√

Ψ2
A,SP + Ψ2

R,SP + Ψ2
S,SP (7.17)

Until now, we have described a general functional complexity measure and then how it can
be used for a sizing optimization problem of a stiffened panel with any layout.

7.4 Graph-Grammar for Stiffened Panels

In generative design, graph-grammars are used to generate design concepts from explicit
design actions and rules that affect each component and their relationships. There are multiple
types of graph-grammars. In this work we have chosen to work on a set grid with a simple
graph-grammar composed of only one possible type of action and few rules. We use a fixed
grid for two reasons. First, it allows for an easy implementation of a “bar code,” which is a
unique ordered string that describes the topology of the layout. This bar code ensures that the
search algorithm does not explore the same solution twice, via different decisions. Secondly,
fixed-grid solutions are much easier to work with for a reinforcement learning algorithm,
which will be studied in the future in our research group.

Using this grid, the only available action for our grammar is named “CreateStiffener,” which
has to respect certain rules before being applied. This action creates an edge and connects
two nodes on an existing grid, activating each node it passes through. See fig.7.3 for an
example of actions with a 5x5 grid. To define the rules of our implementation, each node of
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the fixed grid has a specific status. They are either “active,” “offset,” “side” or “inactive.”
"Active" and "Inactive" refer to nodes with or without a connected edge respectively “Side”
nodes are a special case of “active” nodes, i.e., they are always considered active but will only
allow the action “CreateStiffener” between nodes of different sides. “Offset” nodes are semi-
active nodes, in the sense that if a stiffener passes in their area of influence, the “offset” node
becomes available for connection and their position is modified to be at the crossing of the
new stiffener. Implement the “offset” nodes allows the identification a graph independently
of the sequence of rules required to get there.

With this single action and rules, the graph-grammar can create a graph representation of
any piecewise linear stiffening layout. From this graph representation, we can convert the
position of nodes and edges connectivity into a parametric file that is passed to a TCL script
that builds a FEM model of the given layout using HyperMesh automation capabilities [143].
The TCL script also calls Optistruct for the sub optimization problem. Also, as the node
positions are described on a grid from 0 to 1 in 2D, the TCL script can easily extrude the
stiffeners with respect to the normal of any planar or curved plane using a bilinear projection.

This graph-grammar is more explicit than the discrete ground-structure approach for a simple
reason: The decisions are not made for each single edge, the graph is not fixed, only the
grid. The algorithm is able to create stiffeners, by connecting edges without preexisting
connections. This ensures that significant topological changes are made at each decision. A
major advantage of the graph-grammar is that the description of the layout is independent
of the sequence of rule application, which makes for a much easier design exploration. In the
future, this means that more complex actions could be built, such as places a grid, copy an
existing pattern, mirror a set of patterns or even use curvilinear stiffeners.

Still, one limitation is to be noted. As the grid is fixed, where more than one stiffener passes
near an “offset” node, the offset is removed and all the edges connect at the fixed node.
This ensures that a given layout is the same, independent of the order of previous decisions.
So, for a more “precise” description, a finer grid of nodes can be used, although it signifi-
cantly increases the design space. For this current study, a limit to 10x10 grids is set, which
is still more than enough to find interesting solutions for simple stiffened panels. We also
implemented a symmetry option, which helps reduce the size of the problem.

The graph-grammar is implemented as a class in Matlab. This class is capable of returning a
list of possible actions that responds to the design rules, and in the next section we describe
the algorithm used to choose which actions to take in this list.
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Figure 7.3 Generation of graph representation and conversion to FEM from the application
of the action “CreateStiffener”. We show the application of the same action on two different
nodes. On top, we see that there are no intersections, as such the grammar rules allows the
grid to adapt to the stiffener with "Offset Nodes". On the bottom, two stiffeners intersect, and
the grammar rule forces the node to get back to its initial position as an "Active node". The
illustrated model has an aspect ratio of 1:1, but it is possible to easily change the conversion
to other surfaces.
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7.5 Complexity-Driven Basic Burst-Algorithm

The list of possible actions for any layouts is large. Therefore, the stochastic search process
is about searching effectively through a decision tree with controlled random decisions that
reduces the total amount of required performance evaluations. Commonly used stochastic
search algorithms are the greedy search, random search, random walk, evolutionary algo-
rithms, etc [234]. The choice of a search algorithm is driven by the need to balance ran-
domized and goal-directed search, that is decide which is more important in terms of explo-
ration vs. exploitation or in terms of diversification vs. intensification [234]. For our case of
multi-objective graph-grammar search, we found that the Burst algorithm provided simple
parameters that can be leveraged to find this balance [8]. A basic and advanced version of the
Burst algorithm are proposed in [8]. Simply put, the burst algorithm is a stochastic search
that explores in "bursts", in a similar fashion to a greedy search. Its particularity is the Pareto
front it uses to solve a multi-objective problem. Furthermore, the use of "burst" makes the
algorithm easy to run with parellel computing.

For the sake of simplicity, this work uses our own implementation of the basic Burst algorithm.
A possible future improvement for CD-CEAS could be to implement the advanced Burst
algorithm which improves search by using a similarity measure between graphs [8].

Our implementation of the basic Burst algorithm is illustrated in fig. 7.4. The algorithm
is initialized with any number of initial layouts that are placed in the archive. Throughout
the search, the archive will contain all layouts and their properties. At each iteration, the
algorithm randomly chooses a "burst" of decisions available in the grammar, thus generating
N new layouts. For each of the new layouts the performance and complexity is computed in
parallel and added to the archive. N can easily be scaled to the number of cores available
in the user’s computer or server. A Pareto Front is then built or updated from the layouts
in the archive. In our implementation, we used the script available from the MathWorks file
exchange [250]. We added a condition to ensure that each layout of the Pareto front is chosen
at least once for improvements at each iteration. As we found the Pareto front to be too small
at the beginning of the search, a relaxation mechanism was used; if the number of layouts
on the Pareto front is smaller than N ∗ r, where r is the relaxation parameter, we redo the
Pareto evaluation on the remaining non-dominant layouts. This step is repeated until there
are at least N ∗ r layouts in the active search set. In our test cases, it was found that using
r = 1/3 yields a good balance between exploration and exploitation. In short, N and r are
search parameters that can be used to tune exploration vs. exploitation and diversification
vs. intensification. If we increase the values of N , there are going to be more decisions made
from a single set of layouts without looking at performance. This can increase exploration
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and diversity, at the cost of more evaluations that might lead to uninteresting layouts. At the
opposite, small values of N will make the algorithm behave more like a greedy search, thus
improving the intensification, at the cost of diversification. The only other search parameter
is the stopping criteria Archivemax which is simply the maximum number of created layouts.

Figure 7.4 Our implementation of the basic Burst algorithm. [8]

In summary, CD-CEAS introduces a combination of many interesting mechanics that together
have a great balance of generation, representation and exploration. The relative complexity
measure is used to focus on exploration as well as to encourage the search algorithm to find
simple solutions. The graph-grammar allows for a generation of solution that is uncoupled
from the performance evaluation, as the representation of the problem is done using a simpli-
fied size optimization for each proposed layout. And finally, our implementation of the basic
Burst algorithm is used to explore the design space, with a good balance of diversification
vs. intensification.

The next section will demonstrate the capabilities of the algorithms of some difficult topology
optimization problems for which our research teams have had many challenges in the past
[196,237].
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7.6 Case Studies of CD-CEAS

In this section, we propose two different case studies of common loading conditions of stiffened
panels: a pressurized bulkhead and a highly compressed wing section panel of a wing section.

The only element that changes between the examples are the boundary and load conditions.
Even then, the case study have very different design spaces but for which CD-CEAS can
find adequate results. Furthermore, a comparison with the SIMP method for the pressurized
bulkhead and handbook optimization for the compressed wing section are presented.

7.6.1 Pressure Bulkhead with Out-of-plane Loading

The pressure bulkhead is a known difficult challenge for topology optimization [196]. In
aircraft, bulkheads are at the front and back of fuselages to keep a stable pressure in the
cabin during flight operations. It is usually round, but was kept as a square panel in this
study for the sake of simplicity.

Description of the problem

The graph-grammar actions and rules are the same as presented in the section 7.4. The
plate is flat on the X-Y plane and the boundary conditions are simply supported (UZ = 0)
on all sides, see fig. 7.5. Pressure is applied evenly on all the plate as a distributed normal
force. For the sizing optimization, the weight constraint is set to 5.0 lb. with a compliance
minimization objective. The value of the pressure is arbitrarily set to 10 psi. An arbitrary
pressure doesn’t have any impact on the solution in the case of compliance minimization, as
compliance measure is directly proportional to the applied loads. Aluminum 7075 was used
and its properties are found in table 7.1.

As a layout reference, we ran the SIMP method with Optistruct [78] and converted the results
to an explicit stiffened panel, see fig. 7.6. The results for the SIMP results can be found in
table 7.2. Finally, the Burst and graph-grammar parameters are defined as follow for the
pressure bulkhead case:

Evaluation per iterations [N ] : 8
Maximum Evaluation [Archivemax] : 500
Relaxation [r] : 3
Graph Grid Size : 10x10
Symmetry : From the center line in both X and Y axis
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Figure 7.5 Test case of a stiffened panel with a uniform pressure, with simply supported
boundary conditions. (a) The pressure load is applied uniformly on the whole panel. (b) The
panel dimensions. Where Uz is the imposed displacement.

Table 7.1 Aluminum 7075 properties [59]

Property Value
Young’s Modulus (E0) [ksi] 10, 700
Poisson’s ratio (ν) [−] 0.33
Yield limit (Fcy) [ksi] 68
Material Density

[
lb.
in3

]
0.10

Figure 7.6 (a) Material Distribution using SIMP (b) Interpretation as a stiffened panel, shown
as a graph.

Table 7.2 Properties of the model created from an SIMP interpretation

Property Value
Weight [lb.] 5.0
Compliance [lb.in.] 57
Functional Complexity (ΨU) 1.8
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Based on our extensive tests, these parameter offer a good balance between exploration and
exploitation. With these parameters, computation time is 25 minutes with an AMD Ryzen
7 3700X @4.0GHz, running the eight layout evaluation in parallel on the eight cores.

CD-CEAS Results for the Pressure Bulkhead

The results of CD-CEAS for the pressure bulkhead are presented in different ways. First, the
layouts of the final Pareto set are presented in fig. 7.7. Then, the performance of the entire
archive is presented in fig. 7.8a. Finally, the convergence plot of the compliance is shown in
fig. 7.8b. It is possible to see that convergence is obtained quickly, in fewer than 20 iterations.

Of course, using a stochastic search approach is highly dependent on the random choices the
algorithm makes during exploration. It is possible to see in fig. 7.7 that the obtained layouts
share some similar patterns. We have rerun the search with the exact same parameters and
initial layout, for which the solutions of the Pareto front are illustrated in fig. 7.9.

The best CD-CEAS result has a compliance of 37 lb.in., a reduction of 35% in comparison to
the layout found with SIMP. However, it comes at the cost of a much more complex solution.
If we chose a layout similar in complexity at ΨU ≈ 1.7, the third layout of fig. 7.7 with
ΨU = 1.62 has a compliance of 41 lb.in., still a reduction of 28% in compliance for a similar
relative complexity. Thus, in both cases, CD-CEAS is able to find solutions that are both
stiffer and less complex than the results obtained with SIMP.

Furthermore, the Pareto set of the pressure bulkhead problem shows a clear compromise
between complexity and compliance. These results can empower designers to easily choose
adequate level of compliance and complexity that should allow for a much easier detailed
design phase. These trade-off can be translated as a clear hierarchy of the primary and
secondary stiffening components, with components of simple solutions offering the most ef-
fective compromise of complexity-stiffness. The results show a clear advantage with respect
to exploration when compared to gradient-based topology optimization. Furthermore, results
obtained with SIMP are often organic and complex, which creates design challenges down
the road, especially with respect to unrecognized Information.

In summary, CD-CEAS can rapidly generate simple and efficient solutions, even offering
better results than SIMP for the case of the pressure bulkhead. A major advantage of CD-
CEAS against topology optimization, such as SIMP and LSM, is the fact that the stiffeners
are explicitly generated, ensuring a proper representation of the stiffened panel. Besides,
using the Pareto front as the starting points of each iteration allows the Burst algorithm not
to stay in place in the design space of complex solutions, as the design space is smaller in
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Figure 7.7 Solutions on the Pareto front for the pressurized stiffened panel exploration.

(a) (b)

Figure 7.8 Results of the compliance-based run for the pressure case study. For this run, the
sizing optimization uses a compliance minimization with a weight constraint of 5.0 lb. Burst
size: 8, Archive has 500 layouts, relaxation is set to 3 and the grid size is 10x10. Symmetry
on both axis is active. (a) Pareto front for the pressurized stiffened panel exploration. (b)
Convergence of compliance for the Pressure Bulkhead.
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Figure 7.9 Second set of solutions of the Pareto front for the pressurized stiffened panel
exploration. The optimization parameters are the same as of fig. 7.8

the simple space than the complex space.

The next section discusses the compressed panel case study as an in-plane loading.

7.6.2 Compressed Stiffened Panel, with In-plane Loading

The design of compressed stiffened panel is also an active challenge of topology optimization,
mainly due to convergence difficulty created by buckling constraints [151, 153, 251]. These
panels are found on the outer skins of the wing, mainly on the upper skin. The bending
action of the lift and gust forces on the wing creates high compressive loads on the panels.

In the industry, these panels are currently designed and optimized using a handbook method
[26, 58]. Relations and equations found in these handbooks are only for the orthogrid con-
figuration and are based on analytical models and empirical data to model the collapse of
the panels in terms of buckling, crippling and post-buckling. The handbook design method
is very efficient for large-scale problems and can easily be automated once the layout is fixed.
As such, in this section, we will compare the results of CD-CEAS with the results of the
design with the handbook method.
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Description of the Problem

The same graph-grammar actions and rules that were presented in section 7.4 are used, with
the only possible action is “CreateStiffener.” Again, the plate is flat on the X-Y plane and the
boundary conditions are simply supported (Uz = 0), see fig. 7.10. This time, the compressive
load is applied on one side via a rigid (RBE2) element, in the X direction. The load value
is set at 120,000 lb. The RBE2 is only active in the X direction. On the opposite side, the
displacement (Ux = 0) is set to resist the compressive load. We use the same aluminum 7075
alloy that was used in the pressure test case.

For the sizing optimization, we propose here two formulations. The first is the same as for the
pressure bulkhead, with a compliance minimization and a weight constraint. For the second
one, we use a weight minimization and a buckling constraint. These two formulations are
used to demonstrate that non-linear constraints such as buckling barely change the result-
ing topologies. As for the Burst algorithm parameter, we use the same as for the pressure
bulkhead case.
Evaluation per iterations : 8
Graph Grid Size : 10x10
Maximum Evaluation : 500
Symmetry : From the center line of the X and Y axis

For the pressure case, we have used SIMP to create an optimized baseline. However, for
compressed stiffened panels, there no clear results that can be obtained with SIMP. Conse-
quently, we define the baseline as a current layout used in a commercial aircraft, as illustrated
in fig. 7.11. In the table 7.3, the result of a FEM-based sizing optimization is presented. The
optimization considers the eigenvalues of the linear buckling as a constraint and minimize
the weight of the panel.

Table 7.3 Baseline properties

Property FEM Sizing
TSkin [in.] 0.11
TStiff [in.] 0.15
Weight [lb.] 5.3
Compliance [lb.in.] 5000
Maximum Stress [ksi] 45
Complexity [ksi] 0.27
Linear Buckling [λ1] 1.0
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Figure 7.10 Test case of an axially compressed stiffened panel, with simply supported bound-
ary conditions. (a) The applied load. (b) The design space dimensions. Where, Uz, Ux are
imposed displacement, and Fx is the applied force on a RBE2.

Figure 7.11 Compression baseline layout from a commercial aircraft, sized with handbook
methods. Where tStiff and tSkin are respectively the thickness variables for stiffeners and skin
sections.
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Compliance-based results for the Compressed Stiffened Panels

In this run, we define the sizing optimization as a compliance minimization with a weight
constraint, set to 5.0 lb. It took 22 minutes to create, size and evaluate the 500 layouts. The
layouts found on the Pareto front of this run are illustrated in fig. 7.12, the full archive is
presented as a scatter plot in fig. 7.13a and the convergence of compliance in fig. 7.13b.

The results of this run are interesting, as they reflect a particularly difficult case for topology
optimization. As shown in the scatter of the results in fig. 7.13a, there is a plateau in the
solution space. Any other solutions that do not provide stiffeners parallel to the load will both
increase complexity and compliance. As such, for topology optimization algorithms using
implicit generation (SIMP, Level-Set, MMC), it is very difficult to make any decisions that
will not have a negative impact on compliance. The only topology optimization algorithm
that is capable of easily finding a solution for this case is the ground-structure method,
but it is computationally very expensive due to the evaluation of buckling and the use of
finite-difference evaluations [237].

Still, CD-CEAS easily finds a range of efficient solutions at different complexity levels. How-
ever, as noted earlier, buckling is actually the main driver for the design of compressed
stiffened panels. Thus, to verify the strength of the proposed layout, we use a sizing sub-
problem including buckling. The linear eigenvalue constraint is set to λ > 1.0. The objective
is to reduce the weight of the panel, given the buckling constraint. See fig. 7.14 for the results
of each layout.

As these panels are sized, it appears that when properly sized for buckling, the proposed
layout is unable to surpass the baseline. The best layout proposed by CD-CEAS has a weight
of 5.5 lb., whereas the FEM sized baseline weight 5.3 lb. This is to be expected as the dis-
tribution of the stiffeners on the panel does not affect the compliance, but does significantly
impact the buckling. Still, by using CD-CEAS, any unnecessary components that add com-

Figure 7.12 Layouts on the Pareto front for the compliance-based compression case.
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(a) (b)

Figure 7.13 Results of the compliance-based run of the compression case study. For this
run, the sizing optimization uses a compliance minimization with a weight constraint of 5.0
lb. Burst size: 8, Archive has 500 layouts, relaxation is set to 3 and the grid size is 10x10.
Symmetry on both axis is active. (a) Scatter of the archive of all layouts created in this
compliance-based run. (b) Layouts on the Pareto front for the compliance-based compression
case.

Figure 7.14 Sizing optimization with weight minimization and a buckling constraint (λ1 = 1.0
for all layouts) for the layouts proposed by CD-CEAS for the search with compliance only.
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plexity are ignored. Some work by the engineers is still required to adapt the layouts and
distribution of stiffeners, but as the computation time is low, it can explore feasible solutions
quickly. Other works by the authors have shown that the ground-structure algorithm using
buckling obtained similar results, with much more computation time [237].

In the next section, we use the buckling sizing optimization during the CD-CEAS search to
compare with the compliance-based search.

Buckling-based results for the Compressed Stiffened Panels

The addition of buckling during the search greatly increased the computation time of CD-
CEAS. On the same processor, for 500 layouts creation, sizing and evaluation it took 5.8
hours. Still a somewhat reasonable amount of time, as it can easily be run overnight, which
is the norm for structural optimization [56]. Furthermore, compared to SIMP or the ground-
structure method this is a significant improvement in computation time. As discussed in [236],
SIMP is relatively difficult to use, exploration can hardly be controlled and it requires multiple
days of computation to obtain only some efficient layouts. As for the ground structure,
a single gradient descent requires more than 5 hours of computation [237] for the same
problem. Parallelism could reduce slightly computation time, but it would still be longer than
CD-CEAS. Furthermore, exploration is only controlled by changing the initial optimization
variables.

For the CD-CEAS run, the layouts found on the Pareto front are illustrated in fig. 7.15, the
full archive is presented as a scatter in fig. 7.16a and the convergence of weight in fig. 7.16b.

Compared to the compliance-based search, using buckling shows a cleaner convergence. Also,
the scatter plot shows that there are some great solutions with low complexity. Furthermore,
this time the best results has a weight of 5.03, lower than the baseline with a trade-off of
increased complexity. The next best solution at 5.06 still beats the baseline while having a
similar complexity value to the baseline.

Choosing whether to use buckling or not during CD-CEAS search is up to the available time

Figure 7.15 Layouts on the Pareto front for the buckling-based compression case.
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(a) (b)

Figure 7.16 Results of the buckling-based run of the compression case study. For this run,
the sizing optimization uses a weight minimization with a buckling constraint of λ > 1.0 and
a weight constraint of 5.0 lb. Burst size: 8, Archive has 500 layouts, relaxation is set to 3
and the grid size is 10x10. Symmetry on both axis is active. (a) Scatter of the archive of all
layouts created in the buckling-based run. (b) Convergence of weight in the buckling-based
run.

and the problem at hand. Still, both formulations are capable of generating feasible results
with a performance similar to the ones created by experienced engineers. The compromise
proposed on the Pareto front is clear and offers interesting information to the users with
regards to the impact of layouts. In summary, the results obtained show a better or equal
performance to the ones proposed by topology optimization, with SIMP or ground-structure,
while requiring less computation time. More importantly, the generation used by CD-CEAS
is explicit, making the representation of buckling more accurate and the exploration focused
search shows an efficient and diversified search.

7.7 Discussion and Limitations

There are multiple advantages to using functional complexity measures, rather than some
heuristics to limit the complexity of new layouts. First, the functional complexity is context-
dependent, and quick to assess. By using the functional complexity to drive layout optimiza-
tion, it becomes possible to identify three main types complexity measures with recognized
(coupling), axiomatic (sensitivity) and superfluous Information content and therefore reduc-
ing the challenges of detailed design down the road. This effect is shown in the compressed
stiffened panel case, where using only compliance still yields results that are relatively efficient
in terms of buckling. Secondly, as the complexity measure is relative, there is no arbitrary
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threshold to set. As the algorithm explores and build the Pareto front at each iteration from
the whole archive of solutions, it will organically set a threshold on complexity by ignoring
layouts that are both complex and with low performance, as shown in both case studies.
Finally, as shown by the case studies, CD-CEAS is more effective than current topology op-
timization algorithms for exploration, as it does not get stuck in local minima. This is helped
by the complexity measure that act as a relaxation of the optimization, which allows the
Burst algorithm to keep looking around existing layouts with low performance, as long as
they stay simple. Eventually, this allows the algorithm to find solutions that have both high
performance and low relative complexity.

As discussed in the introduction, we classify generative systems according to three main
properties; generation, representation and exploration. In this work, generation is carried
out using the graph-grammar algorithm, ensuring an explicit representation of components
and their relations through the graph. In addition, the use of the archive and the "bar-code"
ensures that the exploration does not evaluate the same layout twice. Moreover, the explicit
generation is capable of creating evaluation models with a good representation. In this work,
the representation of each layout is provided by an automatically created sub-optimization
problem as a FEM model. This sub-optimization model provides everything needed for per-
formance and complexity assessments. As such, in terms of representation, CD-CEAS does
not propose anything new, but uses automation to accelerate the process. Finally, the ex-
ploration of CD-CEAS is done using our implementation of the basic Burst algorithm, using
both a complexity measure and any performance assessment as an objective. The combina-
tion of these two measures is central to the strength of the algorithm, as already discussed. In
summary, by adjusting the balance towards exploration rather than exploitation, CD-CEAS
offers a more flexible approach to layout optimization. It quickly finds great layouts, which
are clear compromises of simplicity and performance. In other terms, this allows the use of
more flexible generation and representation.

In the future, there are many ways in which CD-CEAS could be improved. With regard
to generation, the current implementation has only one action and few design rules. It is
possible to imagine actions that add more stiffeners in a single action, such as the creation of
a grid, actions that modify a grid by moving connections or still actions that combine different
graphs. For example, the action "createGrid" could take as input a "spacing", "length" and
"width" parameters and create many stiffeners at once, using the same design rules as we
already defined. Moreover, curvilinear stiffeners have been studied in multiple works recently,
and the possibility to add them could be interesting [30]. Another possible improvement is the
implementation of primary/secondary stiffeners with different heights, such as the buckling
containment features (BCF) proposed in [88]. It could also be possible to use multiple different
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cross-sections.

The current case studies have been used only on flat panels. It would be interesting to test
on different types of surfaces, such as the single curvature which could be found in an aircraft
fuselage. For the moment, the limitation is related to the capability of the TCL interpreter to
create the FEM optimization models automatically. It can be imagined that CD-CEAS could
be used for bigger assemblies, such as a complete wing box with ribs, spars and stiffeners.

As we use an explicit generation, it is possible to easily implement high-fidelity models for
the evaluation of new layouts. In this work we implemented compliance and buckling, but
one could imagine more studies that include fatigue, stress or even non-linear material or
geometrical non-linearity for post-buckling.

Finally, for the exploration, the use of the basic Burst algorithm has shown its capabilities.
Still, there are certainly other stochastic search algorithm that could prove to be more efficient
in searching the design space by leveraging the complexity measure.

7.8 Conclusion

In this work we propose a new tool for the generation of stiffened panel layout based on
generative design, topology optimization and design science. Leveraging knowledge acquired
from this research area, the CD-CEAS algorithm is a two-level optimization process that
improves upon topology optimization of layout design for the generation, representation and
exploration properties. The generation is done using a graph-grammar with a single pos-
sible action and few design rules. The main novelty aspect of CD-CEAS is the fact that
complexity, as a relative and approximate measure of Information content, is used to drive
the exploration. This allows for much simpler designs. As an example, a trade-off of less
than 1% of weight can reduce complexity from 0.94 to 0.28, as observed in the case of the
buckling-based stiffened panels. We think this shows that current topology optimization al-
gorithm, as they only focus on a given objective function, will make any sacrifice necessary
to complexity as to get those 1 or 2 final percentage of performance. As CD-CEAS also takes
into account, it becomes possible to select slightly underperforming solutions, in exchange for
much less complexity. Furthermore, CD-CEAS has shown an improvement on both compu-
tation time and performance with respect to widely used topology optimization algorithms.
We demonstrate these improvements with two case studies that are compared with previous
work of the authors regarding topology optimization for stiffened panels. In the pressure case
study, we have shown an improved exploration, a stiffer layout (44 vs. 57 lb.in.) and multiple
good compromise solutions (with multiple interesting results, instead of just one). As for
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the compression case study, we have shown the numerical challenge of such a problem and
discussed how different search formulations (compliance or buckling-based sub-problem) can
offer efficient results. In this particular case, previous work had identified a very difficult use
with SIMP, whereas CD-CEAS has shown a consistent convergence towards a more efficient
minimum. Future work to explore more challenging case study will be required to assess
the full potential of CD-CEAS, and more broadly the use of complexity measures in design
automation algorithms.
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CHAPTER 8 GENERAL DISCUSSION

At the preliminary stage of the project, SO1 and SO3 were built upon the hypothesis that
SIMP was an effective design exploration tool for stiffened panels. Consequently, to ease the
exploration process, we have implemented automation for the density-based approach, with
SIMP used in chapter 4, answering the SO2. Computer vision is leveraged to take the implicit
material distribution from SIMP into an explicit graph representation that can easily create
high-fidelity models for subsequent sizing and validation. This SO was completed first, as it
was initially thought it would be the most challenging aspect.

For SO1, we have characterized existing, state-of-the-art topology optimization methods for
stiffened panel layout optimization. Chapters 5 and 6 contain comprehensive applications
of the original SIMP and a modified Ground-Structure method. SIMP was used through a
commercial software and tested for different optimization formulations and parameters. We
found out that in order to reduce the complexity of the material distribution to feasible
results, there was only a very narrow set of formulations and parameters required. As such,
we have concluded that for stiffened panel layout optimization, SIMP is highly sensitive
to parameters leading to unexpected and erratic results. Complexity rose from the implicit
generation that could not capture panel buckling accurately with semi-density values. As
for the modified ground-structure method, the improvements made for the application for
stiffened panels allowed for a more straightforward approach, as the behavior was more
predictable and efficient to find feasible results. Still, the computation cost was too high
to allow for an effective design exploration, as multiple days of computing yield only a few
optimized layouts.

With the results of SO2, it has become clear that density-based methods and even the
ground-structure approach were not easily adapted for design exploration. Consequently, the
work in analysis and synthesis of layout complexity grew from a complexity filter into a
complexity-driven algorithm which was presented in chapter 7. From the ground up, we
implemented a complexity-driven layout optimization technique using the Generative Design
Framework: CD-CEAS. This algorithm has shown that it is an effective balance of generation,
representation and exploration, thus creating an easy-to-use search and synthesis algorithm
perfectly adapted for the conceptual design of stiffened panels.

Looking back at the main objective, it is clear that the development of the Generative De-
sign Framework was built from many lessons learned through the achievements of the three
secondary objectives. It evolved into including the selection, application, validation and de-
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velopment of generative systems. We identified three key properties of the generative systems:
representation, generation and exploration. The complexity measures for design synthesis in
SO3 led to a complete topology optimization tool, which answers the development aspect of
the main objective.

Within the proposed set of framework, tools and algorithms, the objective to minimize the
weight of existing stiffened panels is partially met. The proposed methods, with specific
formulations, are able to find many feasible and efficient layouts of stiffened panels. Although,
the best proposed layouts are the already widely adopted orthogrid, which means that our
algorithms did not meet the objective to reduce stiffened panels weight.

Still, with the developed tools, new research avenues are envisioned for general structure
optimization, and more critically for the development of novel forms of aircraft structures
where the orthogrid layout might not be optimal.

8.1 Industrial Deliverable

As this project is in collaboration with industrial partners, we have delivered different au-
tomation scripts and documented optimization methods.

The work of chapter 4 is implemented in Matlab and leverages its computer vision library. In
the future, using Python and OpenCV would allow for an easier industrial implementation.
The Matlab code is considered a proof of concept. The SIMP characterization of chapter 5
was delivered in the format of a technical report delivered in June 2019 to Stelia Aéronautique
Canada. The conclusions of the report which discussed the several limitations of SIMP with
respect to stiffened panel optimization led to reducing the efforts in topology optimization
by the research team at Stelia. The ground-structure method presented in chapter 6 has
been delivered as an HyperMesh model and is also considered a proof of concept. Finally, the
work of chapter 7 is implemented in Matlab for the generation and search algorithms, and
as a TCL script for sub-model generation. Once again, this is a proof of concept that would
benefit from further development to improve scalability and modularity.

8.2 Contributions and Importance of Research

In summary, this thesis has multiple research contributions to the research communities
of topology optimization, aircraft structure design and design science. We first considered
topology optimization not only as an optimization tool but positioned it in a comprehensive
design framework. This allows one to characterize and develop topology optimization as a
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generative system and thus improve its balance in terms of generation, representation and
exploration for our application in layout optimization of stiffened panels.

By using the Generative Design Framework to improve conceptual computational design, we
explain how and why the exploitation of topology optimization for aircraft structures had
focused too narrowly on a structure only global optimum. Said simply, topology optimization
has been developed with a simple, convex design space. In industrial applications, the non-
linear constraints (e.g. stress, buckling) create a complicated, non-convex design space for
which gradient-based solvers are ill-suited. Moreover, structure design is seldom independent
of other disciplines, especially in wingbox design. Accordingly, proposing multiple feasible
solutions directly during the structure conceptual design allows for a quicker response to
changing requirements from other disciplines. We are convinced this insight will drive the
development of algorithms seeking to explore the many local minima of the non-convex
design space.

With these important lessons, we developed CD-CEAS, a proof of concept of a generative
system for layout optimization balanced towards exploration. This represents an important
achievement as CD-CEAS is the first implementation of a generative system including a novel
complexity measure to drive exploration. CD-CEAS has shown significant improvements with
respect to layout weight minimization and simplicity while also largely improving exploration
efficiency compared to the density-based and the ground-structure methods. An important
outcome of this thesis is the new and different ways to approach automation in the context of
the conceptual design phase and more specifically how to use it for aircraft structure design.

There are multiple publications of the work carried out during my PhD. In addition to the
four chapters of this thesis, I contributed and participated to many international conferences.
Table 8.1 contains a list of all publications done during the PhD, including work completed
with colleagues from our research group in design and mechatronics.

Moreover, the research discussed in this thesis contains contributions to three research com-
munities: topology optimization, aircraft structure design and design science. Table 8.2 present
a summary of key contributions and their respective specialized communities.

8.3 Limitations

There is an increasing amount of interest in generative systems in multiple engineering dis-
ciplines and we are convinced that thinking in terms of generation, representation and ex-
ploration will improve the quality of newly developed generative systems. Thinking of gen-
erative design as a conceptual automation tool allows developers to imagine more efficient
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Table 8.1 All scientific publications completed during this PhD.

1 Gamache, J.-F., Vadean, A., Capo, M., Rochefort-Beaudoin, T., Dodane,
N., Achiche, S., 2021. Complexity-Driven Conceptual Exploration for Aircraft
Structure (CD-CEAS), Submitted to Design Science on June 18th, 2021.

2 Capo, M., Gamache, J.-F., Rochefort-Beaudoin, T., Vadean, A., Achiche,
S., 2021. A Novel use of the Ground Structure Topology Optimization for the
Design of Pressurized Stiffened Panels, in ICTAM Milano 2020+. [Accepted:
Poster, Video Presentation and Extended Abstract]

3 Gamache, J.-F., Vadean, A., Dodane, N., Achiche, S., 2020. On Generat-
ing Stiffening Layouts with Density-Based Topology Optimization Considering
Buckling, Submitted to CEAS Aeronautical Journal on May 11th, 2020.

4 Coulombe, C., Gamache, J.-F., Barron, O., Descôteaux, G., Saussié, D.,
Achiche, S., 2020. Task Taxonomy for Autonomous Unmanned Aerial Manip-
ulator: A Review, in: IDETC-CIE2020. Volume 9: 40th Computers and Infor-
mation in Engineering Conference (CIE). https://doi.org/10.1115/DETC2020-
22297

5 Gamache, J.-F., Vadean, A., Dodane, N., Achiche, S., 2020. Topol-
ogy Optimization for Stiffened Panels: A Ground Structure Method, in:
IDETC-DAC2020. Volume 11A: 46th Design Automation Conference (DAC).
https://doi.org/10.1115/DETC2020-22103

6 Gamache, J.-F., Vadean, A., Achiche, S., 2019. Validating Novel Stiffened
Panel Configuration Generated with Topology Optimization using Non-Linear
Analysis, in: Proceedings of AERO ’19. Presented at the CASI - Aero 2019.

7 Gamache, J.-F., Vadean, A., Achiche, S., 2018. Topology Optimization for
the Design of Stiffened Panels for Wing Box. In Proceedings of Design Sci-
ence Research 2018: Data-Driven Design and Learning (DSR 2018), Montreal,
Canada, 23-25.08.2018. [Oral Presentation & Extended Abstract]

8 Gamache, J.-F., Vadean, A., Noirot-Nérin, É., Beaini, D., Achiche,
S., 2018. Image-based truss recognition for density-based topology
optimization approach. Structural and Multidisciplinary Optimization.
https://doi.org/10.1007/s00158-018-2028-x

9 Coulombe, C., Gamache, J.-F., Mohebbi, A., Chouinard, U., Achiche, S.,
2017. Applying robust design methodology to a quadrotor drone, in: DS 87-
4 Proceedings of the 21st International Conference on Engineering Design.
Presented at the ICED 17, Vancouver, pp. 395–404.

and focused generative systems. The main limitation associated with this work is that it was
developed for a single, specific use case. An application of these concepts outside of stiffened
panels structural generation would give more weight to the framework. All implementations
discussed in this thesis are proof of concepts and consequently there is still more work to val-
idate their usefulness in the industrial context of industrial aircraft development. The scope
and challenges related to an application in aircraft development are still out of reach for the
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Table 8.2 Major contributions by communities

Community Contributions Pub.#
Topology Optimization -Developed a novel computer-vision based recognition

tools for continuous topology optimization, reducing the
challenge of combining topology, shape and size opti-
mization in a single tool.

2

-Developed the Stiffener Activation Variable (SAV) for
the Ground-Structure Method for stiffened panels.

5

-Characterized the effect of randomized starting values
in topology optimization (SIMP and Ground-Structure).

5,7

-Developed a graph-grammar of stiffened panels in CD-
CEAS, a new explicit topology generation tool.

9

Aircraft Structure -Proposed a data-based exploration approach for stiff-
ened based with topology optimization.

3

-Validated that post-buckling of stiffened panels can be
accurately evaluated with nonlinear FEM analysis.

4

-Applied and validated our modified Ground-Structure
Method to stiffened panels optimization with buckling.

5

-Identified the low performance of SIMP when including
buckling in SIMP for stiffened panels.

7

-Implemented CD-CEAS, an automated stiffened panel
conceptual layout design tool.

9

Design Science -Introduced a relative complexity measure based on the
sizing sub-optimization problem of stiffened panels.

9

-Introduced the Generative Design Framework to ana-
lyze and develop topology optimization methods.

Thesis

current versions of the proposed work. Still, the results of CD-CEAS show a promising future
to the use and development of generative systems in the industry.

With respect to representation in stiffened panels generative systems, the work of this thesis
uses FEM-based models. First as an implicit material distribution in SIMP then as a compos-
ite shell structure in the Ground-Structure method and in CD-CEAS. However, in industry
the design of stiffened panels is still validated using empirical data within semi-empirical
calculations, with all data available only for the orthogrid panels. The scope of industry cal-
culation tools are limited to orthogrid panels as their behavior is very difficult to capture in
numerical models. Therefore, even as the developed generative systems can potentially find
improved layouts, the complete validation of these new layouts would still require significant
new experimental data to be integrated and certified for aircraft development.
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CHAPTER 9 CONCLUSION & FUTURE WORK

This project was originally rooted in the optimization of aircraft structures, specifically for a
wing box multidisciplinary optimization framework (MuFoX). Topology optimization, more
specifically the commercial version of the Solid Isotropic Material with Penalization (SIMP)
method, was envisioned to create innovative structures that could be rapidly implemented
back in Bombardier’s and Stelia’s Multidisciplinary Optimization framework for a complete
optimization of the wing box considering in addition to structure: aerodynamics, loads and
systems.

With the roadblocks and challenges identified throughout the project, the scope gradually
evolved to more specifically develop a method to integrate conceptual design and structural
optimization in the same design tool. Layout complexity, design integration and buckling rep-
resentation were the main identified challenges. At this point, we introduced the Generative
Design Framework and its systems for applications in aircraft structure design.

Three key properties of generative systems (generation, representation and exploration) were
the drivers for research and improvement of this thesis. We characterized existing topology
optimization algorithms, such as the density-based and ground-structure methods, through-
out the lens of these properties. The challenges of using topology optimization in layout de-
sign are mainly associated with the implicit generation which requires expert interpretation
and perfect tuning of optimization parameters and formulations. Challenges are amplified
as layout and buckling of stiffened panels are tightly connected. Neglecting buckling during
topology optimization yields complex and weak layouts. Still, including buckling in topology
optimization reveals a highly complex design space with many similar performing local min-
ima. We have shown that density-based and ground-structure methods are very efficient at
finding local minima, as expected of gradient-based algorithms, but not adequate to explore
many local minima, which would be a step-up in industry. Finally, the characterization of the
topology optimization algorithm through a full sizing and validation process has shown that
the density-based representation does not accurately capture buckling of stiffened panels.

Still, all the generative systems throughout this thesis have been improved with respect
to either generation or exploration. The objective is to balance these properties towards
exploration and make it more in sync with the industrial design process. For each of these
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key properties, we summarize the contributions covered in this thesis:

Representation This thesis has discussed representation in both continuous and truss
topology optimization. We have shown that the implicit generation and current rep-
resentation with density approximations make it impossible to capture the effect of
stiffeners on buckling resistance. Choosing the Ground-Structure method offered a bet-
ter representation by using a 3D shell modeling of the stiffeners. CD-CEAS used a
similar representation and added a sizing sub-optimization problem within the global
optimization loop. If the present work rather contributed on the effect of generation
rather than the accuracy of representation, a complementary work is carried out on the
latter by our research team.

Generation Characterization with the density-based and ground-structure algorithm has
shown that an explicit generation generally makes representation more accurate. In the
density-based approach, the generation of solutions is only implied from the material
distribution, which means the exploration algorithms has no knowledge of real position
and relationship between components. With this information, we took advantage of the
more explicit Ground-Structure Method, for which the exploration algorithm knows
the position of components, but not their relationship. The semi-explicit generation
allowed for a more accurate representation of buckling in the stiffened panels, but
still requires the gradient-based exploration and thus does not allow for controlled
exploration. Lessons learned from SIMP and Ground-structure led to the development
of a graph-grammar which is completely explicit on positions and relationships between
components.

Exploration The main contribution of this thesis is the development of a complexity mea-
sure to drive exploration in CD-CEAS. In both SIMP and Ground-Structure, it was
noted that finding some feasible solutions is possible, although finding efficient one is
challenging. Only a very narrow balance of optimization parameters allowed simple and
accurate solutions to appear in both topology optimization methods. Using complexity
in CD-CEAS has allowed a narrower exploration towards simple and efficient solutions
first, ensuring less computation power is lost in the complex area of the design space.
This has potential for more difficult design problems.

In summary, by improving on current industrial usage of topology optimization in aircraft
development and implementing this knowledge and expertise in modern tools, we have shown
that our Generative Design Framework is an effective method to structure the development
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of generative systems, such as topology optimization. Still, future work could leverage the
lessons learned and improve upon each contribution of this thesis. A summary of possible
future improvements per tool is discussed below.

Truss Recognition The current implementation of the truss recognition based on computer
vision has yet to be expanded to more surfaces and to 3D. It currently still needs many
manipulations to take pictures of the material distribution and the implementation to
CAD and FEA software packages.

Density-Based Topology Optimization During my thesis, there have been multiple aca-
demic publications that have shown improvements of the algorithm, especially for buck-
ling analysis. However, most of them are still to be implemented in the commercial soft-
ware that was used in this thesis. An obvious step forward for our research team would
be an in-house implementation of SIMP, which would allow for an easier integration of
novel methods found in the literature.

Ground-Structure Method The method we proposed to exploit the ground-structure uses
finite differences to evaluate the gradient. A more efficient approach would use an
explicit equation to describe the gradient. Furthermore, the representation with mixed
finite elements could allow for more efficient evaluations of buckling. Work in this
direction is currently being pursued in our research group.

CD-CEAS This novel algorithm has combined multiple disciplines to create an efficient
layout optimization framework for stiffened panels based on complexity. Still, the com-
bination is novel and few cases were studied. More case studies are required to improve
the confidence in using the tool. Further improvement is noted for all three key genera-
tive system properties. First, for the generation, more complex actions and rules could
be implemented to increase flexibility, such as the introduction of curvilinear stiffeners
and secondary reinforcements. Secondly, for the representation, it is possible to imagine
the use of higher-fidelity models such as nonlinear analysis or the implementation of
robust or reliability optimization in the sub-optimization problem. Finally, only the ba-
sic Burst algorithm is currently implemented, which means that exploiting other search
algorithms could potentially improve the efficiency of CD-CEAS. In our research group,
there is research carried out to introduce reinforcement learning for exploration.
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