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Abstract

Nowadays, a large number of different tools that support early phases of design are available to
engineers. In the past decade a specialized set of CAD-based tools were developed, that support the
ideation process by generating different design alternatives according to the criteria given by the
designer. Two types of tools are discussed in this paper: topology optimization and generative
design tools. To investigate to what extent these tools are suitable for use in early design phases and
what are the main differences between them, a study was conducted on an industrial case.

Keywords: design tools, design optimisation, conceptual design, generative design, topology
optimization

1. Introduction

Conceptual design is a fuzzy front-end phase of the product development process in which engineers
and designers are generating and evaluating multiple design alternatives in order to find the most
optimal solutions. Decisions made in this stage will have a strong impact on all the following product
development phases which involve different areas such as manufacturing, production, testing, finance
and other (Wang et al., 2002). Anderson (2014) argues that up to 80% of the product costs can be
determined by the end of the design phase. Therefore, in the design phase multiple requirements have
to be considered to prevent accumulation of additional costs in later development phases.

In order to provide support to creativity, to enable faster generation and testing of the concepts and to
speed up the process, engineers have developed various design tools. Recent advancements in
technology, especially in the field of computing power, machine learning and related algorithms have set
grounds to the development of intelligent design automation tools. High-performance computing power
available via cloud now enables complex calculations, optimisations and iterations, that was impossible
to perform before. Engineers can now run the advanced simulations to test various product
configurations in different conditions in a short time, which gives them information of a great
significance for decision making. On the other side, rapid development of the additive manufacturing
technologies is leading to significant changes in manufacturing and design of components. They enable
production of complex geometries that better fit the design requirements, that were not possible to be
produced with traditional manufacturing methods (Bici et al., 2017). Additionally, new materials are
being engineered, which have better properties and are compatible with the new manufacturing methods.
We are experiencing a gradual shift of design support systems to conceptual design (Horvéath, 2004),
especially in the way of how CAD tools are applied in the design process. Until the recent emergence
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of tools that can generate designs in CAD based on the algorithms, engineers have been applying a
traditional design workflow where CAD tools have been used to only implement design ideas, but not
to develop them. The aforementioned technological advancements have led to the increased interest in
digital design generation and optimization tools, whose results were usually lightweight structures
constructed as complex organic shapes. In the early 2000s engineers have started developing CAD-
based topology optimization tools that were capable of generating optimal designs of the given
structures. Such tools are able to modify existing designs, incorporate explicit features into a design,
and generate completely new designs; however, this has mostly been appreciated only by structural
designers and engineers, and not by the wider field of product design (Querin, 2017). This concern has
recently been addressed by the introduction of generative design tools in CAD software. Main aim of
these tools is to support designers’ creativity by generating multiple design alternatives. This was
achieved by adding the possibility of multiple material and manufacturing selection in a single design
study and a different design approach.

Aim of this work is to explore the capabilities of topology optimization and generative design tools
and to define the advantages, drawbacks and differences between them in order to conclude which
tools would be more suitable for use in the conceptual design phase. To test the capabilities of the
tools, a design study was conducted on a race car suspension component (a rocker).

Based on their capability to generate multiple optimal design alternatives by simultaneously
considering different material and manufacturing options, we argue that generative design tools might
provide a better support in early design phases.

2. Topology optimization

Topology optimization is a computational design method which aim is to optimize the distribution of
material in a given design space with respect to the loads and constraints, while maximizing the design’s
performance (Bendsge, 1989; Bendsge and Kikuchi, 1988; Querin, 2017). It is typically used in the early
design phase to explore and evaluate numerous design possibilities according to the set objectives, such
as minimizing the weight, maximizing stiffness, reducing stress, reducing displacement etc (Querin,
2017). Topology optimization tools are developed to reduce the efforts of engineers required for
performing the iterative processes of designing and analysing multiple design variations, as well as to
support creativity be offering solutions that engineers maybe wouldn’t have thought of.

Topology optimization is one of the three main categories of structural optimization, along with shape
and size optimization. Shape optimization considers specified parameters of contours defined by the
positions of nodes in order to satisfy assigned design criteria and objectives (e.g. reduction of stress
concentrations or increasing fatigue life). Size optimization varies the values of design parameters
related to cross-sectional areas of the elements in order to find optimum solution regarding weight,
stress, displacements etc. The latter is often applied to the problems concerning truss structures,
support bars and construction frames. Unlike topology optimization, these methods do not allow for
addition or removal of new elements or voids in the structure, only a change of values of their
parameters (Querin, 2017; Tejani et al., 2018). Moreover, shape and size optimization methods require
having an initial parametrized model to perform the optimization, whereas topology optimization only
requires a defined starting volume. The focus of our work was on exploration of tools that can provide
optimal design solutions in the conceptual phase when dimensions and shape features are still not
defined, therefore we have devoted our investigation to topology optimization method.

There are numerous topology optimization methods based on various algorithms, which can be
deterministic or stochastic. Stohastic algorithms are more suitable for the search of multiple solutions
because of the element of randomness in their process, which makes them a better fit for conceptual
phase (Meyer and Vajna, 2018). In algorithms objective functions are usually defined as minimisation
or maximisation functions for the given design parameters. Every optimisation algorithm has to
include at least one objective to navigate the design process, which is the case of a single-objective
optimization (SOA). It often happens that there are multiple objectives that construct a problem
definition. Objectives can be conflicting, resulting with no single optimal solution for the problem, but
a plethora of solutions, which all satisfy the given criteria differently. A method used to search for
solutions when multiple objectives (criteria) have to be met is called multi-objective optimisation
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(MOO). This method is very convenient to be applied for design problems, which often happen to
have contrasting requirements. One of the most straightforward examples of conflicting requirements
is lowering the cost and increasing the user safety, which is typically expressed through a choice of
materials, stiffness and other properties. The aim of MOO is to simultaneously include all the criteria
in the search to provide solutions that have the best trade-offs among all the relevant objectives.
Naturally, these solutions will bring an improvement in one or a few aspects and will worsen in others,
but are still highly ranked in the solution space. A set of points that have equal trade-off optimal
solutions, that cannot be improved in any of the objectives without degrading at least one of the others,
is called a Pareto-optimal front (Deb, 2011).

The most commonly implemented methods for topology optimization are: the solid isotropic material
with penalization (SIMP) (Bendsge, 1989; Rozvany, 2000) as an element-based approach, discrete
approaches such as evolutionary structural optimization method (ESO) (Xie and Steven, 1994), level
set method (LSM) (Jia et al., 2011) and combined approaches.

Many of the commercial topology optimization tools use the SIMP method, which is mesh-dependent,
meaning it requires a starting geometry for a study that is a closed volume (solid body). Regarding
functionality in these softwares, they are mostly capable of single objective optimization or multi
objective optimization that is reduced to a single objective by implementation of weights. To explore
Pareto optimal front by finding multiple optimized results, one would have to perform a number of
iterations of this process by changing the values of study parameters, such as materials or target
objectives.

3. Generative design

Research on generative design began around 1980s, but at the time it included mostly publications that
were purely theoretical, without any notable example of application. With the forthcoming
development of computers and technology, researchers have started to search for possible solutions
that could utilize these new resources to improve their working processes. The biggest initial interest
was shown in the field of architecture (Caldas, 2001; Shea et al., 2005), but soon after, the researchers
from other fields have started to investigate possible opportunities and applications which the
combination of computing and analogies drawn from the evolution theory could offer.

In the field of engineering design Vajna et al. (2005) have introduced Autogenetic Design Theory
where they have investigated the similarities of the design process as a part of the product
development process and the natural process of evolution. They state that “Product development
process can be described from the evolutionary view as a continuous optimization of a basic solution
by observing starting conditions, boundary conditions and constraints”. These factors influence the
design evolution and put up the design space. They can be expressed as orders, customer
requirements, spontaneous ideas, guidelines etc. and are possible to change during the process, which
is analogous to the changes in environment found in nature. Up until today, because of its rather large
area of applications, there is still no commonly accepted definition for generative design. Shea et al.
(2005) described the aim of generative design as following: “generative design systems are aimed at
creating new design processes that produce spatially novel yet efficient and buildable designs through
exploitation of current computing and manufacturing capabilities. Krish (2011) offered more narrow
definition for generative design, focusing on its implementation in CAD: “Generative design is a
designer driven, parametrically constrained design exploration process, operating on top of history
based parametric CAD systems structured to support design as an emergent process”. However, today
there are applications in engineering design that are not bound to parametric models and those that
surpass the use of standard CAD programs, e.g. (Chen et al., 2018; Kazi et al., 2017).

Generative design can be understood as a method for creating multiple designs, which includes certain
amount of automation and autonomy in the process. Nature’s evolutionary approach is applied to
design process, starting with one or a number of different designs which are spread all over the design
space, which evolve with time into more suitable forms to given conditions. Designs which do not fit
to the conditions or do not follow the design goals are discarded, and the evolving process continues to
navigate in other directions. Engineers and designers are involved in the process primarily to set the
constraints and design goals before the generation starts, but could also be included, as well as the

DESIGN SUPPORT TOOLS 453

https://doi.org/10.1017/dsd.2020.165 Published online by Cambridge University Press


https://doi.org/10.1017/dsd.2020.165

customers, to interfere throughout the whole generation process. Even though generative design can be
done just with a pen and paper using a defined set of rules, the term is typically used for
computationally aided design. The generated outputs can take various forms: images, models, sounds,
animation etc., hence this method can be applied in different fields like architecture, engineering and
design, art, music, fashion and many others.

Generative design is typically related to the use of algorithms as a basis for design creation. Recently
generative design tools have been introduced as separate modules in a number of commercial CAD
softwares for engineering design. Generative design tools are initially based on algorithms used in
topology optimization, namely the level set method (LSM) (Jia et al., 2011). They operate with
moving boundaries instead of local density variables, therefore they have the ability to be mesh-
independent (Tyflopoulos et al., 2018) thus having different requirements for design setup than
topology optimization. LSM is characterized by flexibility and capability to handle demanding
topological changes. Similarities and differences of topology optimization and generative design tools
will be discussed in the following sections.

4. Case study

With the aim of exploring capabilities and finding differences among the topology optimization and
generative design approaches we have conducted a study on a race car crank bell lever design, which
is commonly known as a rocker. Rocker is one of the components that form a race car suspension
system, which is in our case directly influenced by a force from a pushrod that is counterbalanced by a
spring rod and an anti-roll bar (ARB) drop link force (Figure 1). To simplify the design task by
reducing it to two-dimensional load case, a single rocker plate was considered rather than the whole
rocker assembly. The initial model which was used as a basis geometry for both topology optimization
and generative design was taken from a real industrial race car design (Figure 1).

Damper

Fspring

F pushrod Pushrod

Figure 1. Forces acting on the rocker (left) and the suspension assembly model (right)

Both topology optimization and generative design studies were conducted within the Autodesk Fusion
360 software, the first using a Shape optimization module, and the latter using Generative Design
module. The initial model was imported as a STEP file, where in case of Shape optimization only a
single part of the rocker plate was needed, while Generative design required the whole assembly of the
rocker and all of the connecting parts. The mass of the initial rocker plate was 0.025 kg, and the used
material was aluminium 7075-T6. To achieve comparable results, the same criteria i.e. constraints and
load case were set up equally in both studies. Value of the push force from a pushrod was 2500 N,
which has already been magnified by a safety factor. Hence, generated designs with a safety factor
greater than 1 were considered acceptable. Mesh for Shape optimization was generated within the
study and was adjusted to fit the design model.

5. Study workflow

While preparing the design studies few significant differences were noticed in the study workflows
which have an impact on final designs. The main differences are in the initial geometry preparation
and design space definition. Additionally, generative design includes a possibility of selecting multiple
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materials and manufacturing methods to perform the study, and also provides possibilities for the
comparative overview of the results.

5.1. Shape optimization study

Shape optimization module within Autodesk Fusion 360 Simulation was used for conducting topology
optimization studies. A topology optimization workflow that was followed is presented in the Figure 2.
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Figure 2. Topology optimization workflow

First, a STEP model of the initial rocker plate was imported into the simulation environment. It
represents the outer limits of the design space, meaning that the optimized design will be within that
initial volume. A material for the study has to be assigned. Second, it is necessary to define preserved
geometry which are typically the features that are in the place of connections with other components.
A simplified load model is applied to the component by defining loads and structural constraints. Then
the mesh can be generated, which can be further locally adjusted to better fit the desired outcomes.
The design can be optimized according to one of the two objectives: mass minimization or stiffness
maximization in order to minimize the material usage while maintaining the required strength. The
design objective was the reduction of mass up to 50% of the initial mass, and the chosen study
material was aluminium 7075-T6. The result of the topology optimization study is a single most
optimized design according to the given objective. Often, the result is an organic shape, therefore the
topology optimization workflow usually doesn’t end with the export of the generated design, but
requires additional editing of the geometry to be properly prepared for manufacturing.

5.2. Generative design study

Generative design study requires a different approach from the start. Associated workflow for the
generative study is shown in the Figure 3. Unlike topology optimization, generative design method doesn’t
use the maximum volume as a limitation of the design space. Instead, rather than removing unnecessary
material, this method builds up geometry connecting the preserved design areas while avoiding prohibited
areas, so called obstacles. Initial geometry can be modelled from scratch in any CAD modeller or can be
imported as an existing assembly consisting of parts that that are connected to or present spatial limitations
to the design of a target part. If the geometry is designed from scratch, designers need to take a different
approach to design space modelling than conventional part design. Design features required for a
generative study consist of body fractures that must be kept in the design, but that do not limit a part’s final
structure, and of design areas that cannot be filled with material. The latter are geometry obstacles which
represent other components, space that needs to be left to enable component movement or space to be left
for component installation (e.g. bolts and nuts). Initial geometry model can rather quickly be constructed of
design primitives such as cubes, cylinders and spheres, or can be imported from already existing model. In
our case existing model of the suspension assembly was used. After setting up the starting geometry, loads
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and constraints are applied to the model. As mentioned previously, generative design can simultaneously
consider multiple different materials and manufacturing methods, which reduces the number of studies that
would need to be conducted by the designer in order to test all the desired materials. Additionally, design
objective has to be defined, which is either reduction of mass or maximisation of stiffness. Generative
design study results in various designs which satisfy the input data and design objectives in different ways,
as different combinations of structure and materials are possible. The algorithm behind the study already
considers manufacturing limitations, therefore a number of generated results don’t require further redesign.
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Figure 3. Generative design workflow

The chosen objective of the study was minimizing mass so that the minimum value of the safety factor
was 1. For the generative design study four materials were chosen for consideration: Al 7075-T6,
AlSi10Mg, Titanium 6AI-4V and Stainless steel AISI 304. In addition to chosen materials, three
manufacturing methods were selected to be considered: 2-axis cutting, 3-axis milling, additive
manufacturing; also the unrestricted method was included.

6. Results

6.1. Shape optimization

Shape optimization resulted in a single best solution according to the set criteria. The shape
optimization study took less than 2 minutes, but additional time was spent on redesigning the final
design geometry. Figure 4 a) shows the optimization results before export to mesh body (Figure 4 b).
Red areas represent critical load path, which indicates where the material should be distributed.
However, calculation of the critical load path doesn’t consider stresses, therefore a stress analysis
needs to be conducted on the final design to validate the design’s applicability.

Load Path Crticaity ¥

" 4

Figure 4. Optimisation result as a) critical load path and b) mesh body
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Final redesigned part is shown on Figure 5. Mass was reduced to 55.6% of the initial mass, i.e. 45%
reduction in mass. A stress analysis was conducted on the redesigned part, which has implied the
necessary changes in the size of radiuses to avoid stress concentrations. Design was edited until the
value of von Mises stress was under the yield strength, i.e. safety factor was greater than 1 (Figure 6).
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Figure 5. Final redesigned part geometry (left) and stress analysis (right)

6.2. Generative design

The most distinguishable results are presented on the Figure 6. The study took 2.5 hours to complete.
Only a few generated results were provided that had a good combination of geometry and a
manufacturing method, that could be directly exported and produced without additional editing.
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Figure 6. Results of a generative design study

It is evident that the algorithm used a larger space to generate designs than in the topology
optimization study. On the other hand, only on a small number of generated design alternatives the
additional holes were added. Some designs had areas with the very small thickness of material, which
didn’t contribute to the stability of the structure, therefore could have been removed in order to
achieve a more optimal form (Figure 7). This resulted in generally higher mass of the generated
designs, which indicates there is still space left for improvement of this method.
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Figure 7. Design areas with small thickness

Autodesk Fusion 360 has the ability of an overview of the design alternatives and their performance
according to selected criteria (Figure 8). For studied example it is evident on the graph that the optimal
designs with the lowest mass and stress values are made of aluminum. For each design it is possible to
view the stress distribution (Figure 8).

Max von Mises stress

Aluminum 7075-T6 @
. Titanium 6AI-4V [ ]
Aluminum AISi10Mg

Stainless steel AIS| ®

Mass (kg) stress

< v ¢

Figure 8. Generative design solution evaluation: design alternatives mapped in the design (left)
space, stress analysis of selected design (right)

To show a comprehensive comparison, the following table includes a summarized overview of the
study parameters that were set for each study and their results (Table 1).

Table 1. Comparison of study parameters and results

Topology optimization Generative design
Initial geometry g
lO\‘\ 4
. o \
< Solid part of a rocker Suspension assembly
Materials Al 7075-T6 Al 7075-T6, AISi10Mg, Titanium 6AI-
4V, Stainless steel AISI 304
Manufacturing methods Not considered 2-axis cutting, 3-axis milling, additive
manufacturing, unrestricted
Objectives Mass reduction up to 50% Minimize mass, S¢>1
Study result 1 optimal design, mesh body >100 designs, 8 diverse groups
a ;
B N -p
&
Mass reduction 45 % Max. 32%
Duration of a study 2 minutes 2.5 hours
Parallel design comparison | Not available within the tool Available, mass and stress comparison
Additional design editing 30 minutes, required Not required in some cases
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7. Discussion

In the conceptual design phase of product development process designers explore the design space and
test different design alternatives to find the most optimal solution. In the recent years powerful
computer tools have been developed that support the design process by generating optimal designs
which satisfy the set design criteria. In this paper a comparative study of topology optimization and
generative design tools was presented. Table 2 gives a short overview of requirements and study
parameters for both tools.

Table 2. Requirements and parameters for topology optimization and generative design tools

Topology optimization Generative design

Initial geometry Solid body of a maximum part Surrounding bodies and/or surfaces
volume (existing assembly or constructed

parts)

Design space definition Maximum volume and preserved Obstacles and preserved geometry
geometry

Number of materials per study 1 1 or more

Design for manufacturing Not included Several manufacturing methods

Study result Single most optimal design Multiple optimal designs

Duration of a study Several minutes Several hours

(for equal design tasks)

Parallel design comparison Not applicable Mass, stress, visual comparison

Additional design editing Required Not required for some cases

Even though both tools are based on algorithms for topology synthesis, they require rather different
approaches. Topology optimization usually applies mesh-dependant optimization methods, such as
SIMP, which is broadly investigated and adjusted to the level it provides useful optimal results,
however the initial geometry required for the study limits the final shape of generated designs. To
tackle this issue from a user perspective, it is possible to set up the initial model as a very large design
space, but this process can require significant efforts if there are multiple components with complex
geometries surrounding the target design part. Another disadvantage of this tool is that in only
produces one design per study. Further research of this method could consider possibilities of
parallelisation of multiple studies with variable design parameters, such as e.g. starting geometry or
mass reduction rates.

On the other hand, generative design tools based on level set method for optimization do not require
fully defined design space, which leaves more possibilities to the algorithm for design variation.
However, setting up study geometry for generative design would require engineers to adopt a different
way of thinking about and approaching design. Generative design tools are fairly new and their
algorithms still require further adjustments to be able to achieve the results of the high quality. There
are several issues present with the current method that we discovered: designs containing non-
functional areas with a rather small material thickness; rare inclusion of additional holes in the
structure resulting in excessive material distribution; only a few manufacturing methods available for
testing. Another concern related to generative design tools is that they are highly computationally
demanding, and studies usually take up to several hours to generate the results. However, having these
tools available on could mitigates the necessity for specialized equipment.

Currently neither of the tools considers the cost of materials and manufacturing process, which is one
of the major concerns of design engineers, therefore its implementation should be considered for
future versions of the tools. More research is required to explore how the implementation of these
tools in the early phases would influence current designer’s work process.

We argue that generative design tools have greater potential to better respond to the needs of conceptual
design phase, primarily because they are able to simultaneously test a larger number of materials and
generate multiple design alternatives, which can save time and support greater creativity. However,
generative design tools are still in development and consideration of a few larger issues that we
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mentioned is needed before they become broadly used by engineers. In the conceptual design phase,
topology optimization is a better choice for optimization of already existing components, whereas
generative design provides more support when design layout and dimensions are not yet defined.
Nevertheless, it is possible to use topology optimization tools to get the initial idea on how to navigate
the design, but current tools will only provide the designers with a single optimal solution for one study.
It is important to outline that both topology optimization and generative design results will greatly
depend on the design space definition, setup of the loads and constraints, as well as on the set
objectives. Hence, to make use of these methods the designers need to be skilled in defining a model
for optimization to be able to set up the design studies and evaluate the generated results.
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