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Summary
In the last 50 years, high-tech systems have become more and more complex, partly because today’s systems require multi-disciplinary knowledge. Companies are facing multiple
challenges nowadays. Information has become world-wide available, increasing the market
competition. To be the first company that delivers a product, product development times
have to be reduced. Also the customer increasingly demands customization, augmenting the
demand for product variety.
To deal with these trends, tools and methods to describe and analyze the system are
needed, to support system architects in making well motivated design decisions upon design
alternatives in the early design phases. These design decisions have a large impact on the
design. Faulty decisions therefore, cause lengthy and costly rework. As such, it is essential
to evaluate design alternatives carefully.
Clear specifications help the system architect to understand a complex system, and support decision-making.
To make design decisions, qualitative and quantitative decision methodologies are used.
Qualitative decision methodologies are rather subjective, because the outcome of the comparison typically depends on preferences of engineers. Quantitative decision methodologies
are used to eliminate these preferences, by making decisions based upon explicit performance
values, instead of qualitative relations and relative ratings. The problem of quantitative decision methodologies is that it often involves accurate information. Approximations of this
information are available, but the accuracy is unknown in early design phases.
The objective of this research is not to make the decision upon design alternatives, but
to help the engineer in understanding the system, such that funded decisions can be made.
For decision-making, it would be beneficial to identify and visualize trade-offs, to identify
the influence of design decisions on the performance of the system, and to identify product
families to support product variety. This is achieved by the supportive quantitative decisionmaking method, which consists of seven steps:
Step 1 - Generate system design graph: The supportive quantitative decision-making
method is based on the evaluation of design alternatives via parameters and
models. This information is stored in the system design graph.
Step 2 - Sequence parameters: The system design graph is converted into a Design
Structure Matrix(DSM), which is sequenced to derive an order in which parameters are determined.
Step 3 - Calculate performance of design alternatives: The parameter sequence is
used to evaluate design alternatives, such that the performance is determined in
terms of Key Performance Parameters(KPPs).
Step 4 - Sort design alternatives: Based on the performance on the KPPs, the set of
ii
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design alternatives is sorted according to non-dominated sorting, resulting in a
set of non-dominated solutions.
Step 5 - Visualize Pareto fronts: The non-dominated solutions are presented in a
grid of Pareto fronts between pairs of KPPs to visualize the performance of the
design alternatives on the KPPs. The relation between KPPs is made explicit,
and trade-offs of the system are identified.
Step 6 - Perform similarity analysis: The non-dominated solutions are used in a similarity analysis, to detect product families.
Step 7 - Visualize Pareto fronts with product families: The product families are
presented in the grid of Pareto fronts. This relates the product families to the
KPP performance, such that from the characteristic aspects within a product
family, the conceptual design choices are related to the system performance. Also
this grid shows how the trade-off decisions affect the market segment that can
be served.
A case study on a bicycle case shows that design alternatives can be evaluated and
analyzed, such that trade-offs are identified and the performance of design alternatives is
related to the design decisions. This leads to a better understanding of the complex system
and its performance. Product families are identified such that a bigger market segment can
be served, for which different trade-off decisions are made, to support product variety. The
insights obtained from Steps 4-7, are used in reasoning about the design alternatives to make
a decision upon them.
The robustness of the set of non-dominated solutions is investigated, such that sensitive
models can be identified which need extra attention to ensure validity and accuracy of set
of non-dominated solutions and the performance of these design alternatives.
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Chapter 1

Introduction
In the development of high-tech systems, the trend has been observed that solutions have
become more and more complex. The complexity of a system depends on the number of
functions it has to fulfill, the number of components it is composed of, and the number of interfaces between the components (International Council on Systems Engineering(INCOSE),
2014). Also the high-tech systems involve various disciplines, resulting in miscommunications due to the use of different definitions and terminology, and unclear relations between
the domains of knowledge (Bijlsma et al., 2019a). Besides that, information and knowledge
from all over the world have become available due to digitization of the society, increasing
the market competition. Therefore, companies have to be more innovative and creative to
present unique products to the customer. Meanwhile, they have to reduce the product development times, to be the first company at a certain market. Besides those challenges that
companies are facing, the customer also have other expectations. The life cycle of products
is shortened due to the innovation in high-tech products, causing outdated products. Besides
that, there is an increasing demand of customization, augmenting the ask for product variety
(Pahl et al., 2007).
To deal with the aforementioned trends, tools and established methods are needed to deal
with complexity, such that the engineer understands the system and the effects of making
a decision, and is able to adapt products and production methods to the current market.
Specification of system functions, system components, and the interfaces between those components is very important for system understanding. To manage multi-disciplinary design
problems, the information for the domains of knowledge for these disciplines is captured and
related, such that responsibilities and the interaction between disciplines can be understood
(Bijlsma et al., 2019a).
The effect of decisions is identified by using qualitative and quantitative relations throughout the system, such that the decisions at component level can be related to the system
performance.
Identification of product families is a means to deal with the trends of product development time reduction and the increasing demand of customization. A product family is
defined as a group of different, but similar products that use a similar or the same production
process (Cambridge, 2011). The advantages of identifying product families are the ability
to further analyze only one representative product of each family (Hellenbrand et al., 2009),
reducing development time and the ability to deliver multiple versions of a product, without
changing the production process, to support product variety.
The tools and methods to deal with complexity are especially needed in the system
architecting phase of the Product Creation Process(PCP) of Muller (2004). The impact
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of decisions on the design decreases when the design matures, since the decisions that are
made in later stadiums involve more detailed parts of the system, whereas the early decisions
are about the conceptual design choices. This can be seen in Figure 1.1. This emphasizes
the importance of taking the right design decisions within the early stage of developing a
system, being the system architecting phase in the PCP, since it is more difficult to adjust
the concepts of the design in later stages because of the huge amount of consequential rework
that most times have to be done.

Figure 1.1: Impact of decisions and matureness of the design during the PCP
This research is in collaboration with TNO-ESI and Ratio Computer Aided Systems Engineering (Ratio-Case), which both developed a methodology to specify and analyze complex
systems. TNO-ESI developed Daarius, which is a specification methodology that decomposes
the system into domains of information and knowledge, so-called Knowledge Domains(KDs)
(Bijlsma et al., 2019a). The specification includes qualitative and quantitative relations
between KDs and the related parameters to support system-wide reasoning and making decisions on the most suitable design for the embedded part of a high-tech system (Bijlsma
et al., 2019b).
Ratio-Case developed the Elephant Methodology(EM), which is a specification methodology in which functions and design specifications are written in terms of needs, requirements
and constraints at multiple levels of granularity (Wilschut, 2018). The methodology uses a
specific language and grammar to systematically describe a system, such that a computer
automatically can identify dependencies between components, between functions, and combinations thereof. It also provides tools to reveal and analyze the system structure and to
identify product families.
Daarius and the Elephant Methodology both are developed to specify complex systems.
However, they do not contain a systematical approach to evaluate design alternatives and
converge to a best suitable solution for the problem, considering the customer requirements.
In this research, design alternatives are defined as being different designs, consisting of
different components, or consisting of the same components but in a different arrangement,
but fulfilling the same customer needs. For example, a bicycle can be produced, with either
a disc-brake or a v-brake. Both concepts are different, and are located at another place on
the bicycle, but both fulfill the need of braking. Daarius supports decision making (Bijlsma
et al., 2019b), but when complexity increases and many alternatives have to be considered,
it is less suitable. EM is used for specification of a system, but each alternative has to be
specified in a different specification. For the specification of a design alternative, decisions
are already made upon working principles and the embodiment thereof. The decision itself
and the effect of such a decision on the performance of the system is not included in the
methodology.

1.1. Research objectives

1.1
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Research objectives

Daarius and the Elephant Methodology have in common that decisions have to be made at
some point during specification of the complex high-tech systems. The challenge is to give
insight in the complexity of these systems, such that architects and engineers understand
the consequences of design decisions upon design alternatives. A way to compare design
alternatives is to look at the qualities of the system, such as cost, quality and performance,
also called Key Performance Parameters(KPPs). Because of the fact that most times there
is a huge amount of design alternatives, it would be beneficial if relations between design
alternatives and KPPs can be found and be made quantitative, such that computer models
can be used to analyze the design alternatives. Also there may be one or multiple trade-offs
between different KPPs. There is a trade-off if the performance on one KPP is disadvantageous for the performance on another KPP. During decision making, trade-offs have to be
made, so they must be clear to the architects and engineers.
Identification of product families can be beneficial for further analysis of the design
alternatives and making decisions upon them. Alternatives are placed in product families
such that one alternative per product family suffices for further research, which reduces
the product development time. Also because of product family identification, the decision
between all design alternatives becomes a decision between the different product families,
since the products within a product family can be produced in the same way. This also
means that by the choice of a product family a bigger market segment can be served by the
company.
Considering the observations above, the main objective for this research is to develop
a method to evaluate design alternatives by means of their KPPs, such that it supports
decision making when it has the most impact. This main objective is achieved by the
following research goals:
1. To find or develop a method to identify and visualize tensions and trade-offs, by analyzing performance of design alternatives on the KPPs of the system.
2. To find or develop a method to identify the influence of design decisions on the performance on the KPPs of the system.
3. To find or develop a method to identify product families to reduce the decision space
and to support product variety.

1.2

Research method

This research started with studying the concepts at several domains within engineering design. Because of the collaboration with TNO-ESI and Ratio-Case, some interesting domains
were already established. The concepts of Daarius and EM are studied, to understand the
background of this research. Ratio-Case uses Design Structure Matrices(DSMs) (Steward,
1981) to visualize dependencies between components, between parameters, and between
components and parameters. Together with the tools that can be used to analyze DSMs
(Eppinger and Browning, 2012), DSMs are considered to be an important concept. An
important concept in product development, is to make trade-offs between conflicting objectives. Finding the best suitable solution for a complex systems can be considered as a
multi-objective optimization problem, since there are always multiple KPPs and requirements on those KPPs.

4
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After studying the concepts, the useful ones are combined into an approach that fulfills
the research objectives of Section 1.1. In the approach it is desired to make relations between
design parameters and KPPs explicit, such that the performance of design alternatives can
be compared and a best suitable solution can be chosen. The aim is not to decide for the
architect or engineers, but to support them. Therefore, visualization of the performance of
different design alternatives is very important, because a clear picture supports the conversation and discussion to make a final decision.
The proposed method will be validated with an example case that was already specified
in Daarius. The case is about the development of an electric bicycle and is considered
to be representative for systems that can be specified in Daarius. From the example case
conclusions will be drawn upon the insights that will be provided by the proposed method.

1.3

Thesis outline

This thesis is subdivided into 7 chapters. The prior at to this research will be described in
Chapter 2, discussing qualitative and quantitative methods to make decisions. Also it will be
described how product families can be detected ans how they are used in the design process.
In Chapter 3, the concepts that form the backbone of the supportive quantitative decisionmaking method are described. Those concepts are used in the method that is described in
Chapter 4. In Chapter 5 an example case about an electric bicycle is used to show how
the method can support the decision making. In the subsequent chapter, the sensitivity and
steadiness of the method will be described, using the results of Chapter 5. Finally, in Chapter
7 conclusions will be drawn upon the supportive quantitative decision-making method and
its result, regarding the research objectives.

Chapter 2

Related work
In this chapter the prior art of this research will be discussed. An overview will be given
of qualitative and quantitative decision-making methodologies to decide upon design alternatives. The use of product families will be explained in the context of product variety
and development of new products. Finally, the research gap within the decision-making
methodologies will be described, arguing for a new approach.

2.1

Qualitative decision making upon design alternatives

In the introduction of this report, it is stated that decisions have to be made somewhere in
the process to end up with a final system. The question however is how these decisions are
made. Ribeiro et al. (2011) divide the Multi-Criteria Decision Making(MCDM) methods into
four categories, being the non-compensatory, scoring, ranking, and comparative methods, as
can be seen in Figure 2.1.
Non-compensatory methods select a design alternative that performs the best, based
upon one objective. Therefore, no compensatory behavior between criteria is allowed, such
that a bad performance for one objective is compensated with a good performance for another
objective. The Maxmin method for example takes from each design alternative the worst
performance, on a possibly different, objective (Ribeiro et al., 2011). The design alternative
with the best score from this set is chosen as the best solution.
Scoring methods such as the Weighted Sum Method(WSM) and Weighted Product
Method(WPM) do compensate, since a final score is calculated based upon the score of
an alternative on each criteria and the weight of that criteria, such that a good performance
on one aspect compensates for a bad performance on another aspect. Kolios et al. (2016)
state that both methods are widely used because of their straightforwardness, despite their
disadvantages such as subjectivity of determining criteria weights.
Technique for Order Preference by Similar to Ideal Solution(TOPSIS) is a method that
uses WSM, but instead of ordering design alternatives according to the obtained scores, they
are ranked with respect to an ideal and worst solution, by the euclidean distance, such that
the best solution is closest to the ideal and furthest from the worst solution (Lai et al., 1994).
Analytic Hierarchy Process(AHP) from the comparative methods is one of the most
widely known methods that pairwise compares criteria to determine the relative importance
between two criteria, that is based upon expert knowledge (Kolios et al., 2016). These values
are used to compute the weights of each criteria. For each alternative a score is computed
based on the performance on each criteria and the relative weights of those.
Elimination Et Choix Traduisant la Realité(ELECTRE) originates from (Roy, 1990) and
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uses the concordance and discordance of a pair of design alternatives to decide upon the
alternatives (Jafaryeganeh et al., 2020). The concordance is a subset of the criteria in which
the alternative is equal or better than the other alternative. The discordance is a subset of
criteria in which the alternative is worse. Indexes for the concordance and discordance are
calculated by the normalized performance value and relative weight for each criteria. The
decision is based upon a threshold value for the concordance and discordance index, such
that the concordance is higher and the discordance is lower than the threshold.

Figure 2.1: Schematic overview of MCDM methods (adapted from Ribeiro et al. (2011))
ArchDesigner relies on the aforementioned MCDM methods, especially AHP, that is
incorporated in its method (Al-Naeem et al., 2005). It shares the same goals as AHP, but
offers a guidance during the architectural design process, such that early decisions can be
made. AHP is used to value each design alternative for each design decision. A design
decision is a choice between alternatives for a part of the system. The values are scaled to
the relative significance to the system. Thereafter the scaled values are summed to find the
best alternative, considering each design decision.
Hellenbrand and Lindemann (2008) also supported decision making during concept generation, but use Design Structure Matrices(DSMs), further explained in Section 3.2.2, to do
so. A compatibility matrix is defined that describes whether alternatives for design decisions
can be used together in one system or not. A value is added for the compatibility between
two alternatives of different design decisions, to quantify how well they can perform together.
A final score for each set of compatible design decisions is calculated and used for decision
making.
Geeglee builds upon the work of Hellenbrand and Lindemann (2008), however it emphasizes the definition of interfaces between elements at different abstraction levels, such as
component and function levels Jankovic et al. (2012). The correlation between functional
interfaces and the correlation between component interfaces are identified. The performance
potential of the components to the functions is valued by experts. Thereafter six scorecards
are filled in, that provide information to the design team concerning potential difficulties
and conflicts that may arise in the design process. The scorecards provides all possible concepts, system performance in view of functional flows, impact of each design on the system
performance, trade-offs that have to be made, the level of performance that is defined for
one interface, and the risks that are related to the physical interfaces.

2.2. Quantitative decision making upon design alternatives

2.2
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Quantitative decision making upon design alternatives

In almost all design problems there are conflicting objectives, such that one design alternative outperforms in one objective, and another alternative outperforms in another objective.
By using weights and values, it is rather ambiguous which alternative is selected, since the
decision highly depends on the allocated weights and values, which are subjected to subjectivity of the engineer and architect. Therefore, quantitative decision-making methodologies
are used to identify the cause of the trade-off and the effect on the KPPs, such that a more
funded decision can be made upon the design alternatives.
Computer simulation is considered as an effective tool for designing and analyzing complex systems, especially if architects and engineers are interested in their performance (De
Vin et al., 2004). However, simulation does not provide a final solution or set of solutions
itself. Therefore, it is often used in combination with multi-objective optimization(MOO),
which is concerned with the optimization of a system among multiple conflicting objectives
(Burke and Kendall, 2014). MOO returns a set of trade-off optimal solutions, which should
be decided upon.
The concept of simulation is also used in the Daarius methodology (Bijlsma et al., 2019a),
where simple models are used to simulate the parts of the system that are expected to be
critical, that is where objectives are expected to be in conflict. The aim of using simple
models is to give an estimation of the system performance, without detailed simulation to
minimize modeling effort. However it should give enough information in an early stage
of system architecting, to make the right decision when still little information is available
Heemels et al. (2006).
Bai et al. (2015) propose a quantitative analysis of trade-offs, by generating Pareto fronts
from the multi-objective optimization problem of the system. The Pareto fronts are analyzed
by adding trend lines to describe a mathematical relation between two objectives. Its slope
is used to better understand the trade-off and finally make a decision.
Reddy et al. (1996) perform trade-off analysis by determining the effect of independent
variables on the dependent variables. Independent variables do not dependent on other
variables, but do influence some of the others. This analysis lends itself for quickly exploring
large areas of the design space. Ng et al. (2016) uses this concept to find patterns within the
design space that can be related to the Pareto solutions in the objective space.
To make a decision upon design alternatives, from quantitative information, there are
two strategies, being the conservative and aggressive strategy Otto and Antonsson (1991).
In the conservative strategy, the engineer concerns about the parameter that performs worst
and tries to improve the performance by deterioration of other parameters. The aggressive
strategy permits a lower performance for the worst performing parameter if it drastically
hinders the performance of others. In that case, a small deterioration of the worst parameter
improves the performance of other parameters significantly.

2.3

Detection and use of product families

Given that trade-offs have to be made in complex system design, not all objectives can be
accomplished. The trade-offs effect the market segment that can be served by the company.
Hence, it would be beneficial if a company can produce multiple product variants for which
different trade-offs have been made, to serve a bigger market segment, without significant
changes in the production process. This argues for the detection of product families, which
is a group of different variants of a product, but which are produced by the same production
process.
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Jiao et al. (2007) give an extensive overview of product family design and state that a
company must balance the external product variety and the internal product complexity.
Therefore, product families are used, such that variety within a family can be provided to
the customer, without changing the production complexity. Jose and Tollenaere (2005) agree
upon this concept and state that standardization and modularization are useful in determining a variety of products. Standardized components or component groups are components
that are present in all different families and can be reused in other systems. Modular components or component groups allow the architect and engineer to choose other configurations
to develop and customize a larger quantity of products.
Wilschut (2018) uses product families together with a component impact analysis to
determine which modules are candidates for standardization to increase reliability and availability of navigation locks.
Product families also can be used in the early design of products. Modules can be re-used
in future products (Wang et al., 2010), which is used as a strategic means to balance cost
reduction without degrading innovation outcomes of products Ettlie and Kubarek (2008).
Hellenbrand et al. (2009) use product families to find the optimal concept. They argue
that choosing the right concept during the concept selection phase is highly important. However, due to the large amount of concepts, analyzing them all takes much time. Therefore,
a similarity matrix is created, describing for each pair of concepts how similar they are. By
reordering the rows and columns of the matrix similarities are clustered, such that groups
of concepts can be identified that are highly similar. From those clusters one concept is
taken into account for further engineering as a representative solution. Using the so-called
representative solutions reduces the product development time.

2.4

Research gap within decision-making methodologies

In the previous sections several qualitative and quantitative methodologies are reviewed,
however there seems to be a gap between the qualitative and quantitative approaches. Qualitative decision-making highly depends on allocating weights to performance aspects and
allocating values to the performance of a design alternative. There are many methodologies
that incorporate a way of weighting and valuing, to make the final decision. However this
is a rather subjective process, which can result in different final designs when trade-offs are
encountered. Therefore, quantitative decision-making methodologies are applied to identify
the cause of and the effects on the performance of the trade-off, such that the trade-off can be
better understood. The problem of quantitative decision making is that it involves detailed
information of the system, which is not available in the early design phase. However, this is
precisely the most important part of the design process, since decisions have the most impact
on the final design (Muller, 2004). Moreover, detailed specification of a system has a high
modeling effort, which is in conflict with the trend to reduce product development time.
For those reasons, this research aims to develop a method that incorporates quantitative
decision making, but relies on the simple representative models as used in Daarius (Bijlsma
et al., 2019a). These models can be determined based on already available knowledge from
domain experts or theoretical concepts.
The quantitative information on the performance will be used to identify trade-offs between KPPs, by analyzing the Pareto solutions of the system. The effect of design decisions
on the KPP performance will be identified by detection of product families. This allows a
company to produce multiple variants, serving a larger market segment, without changing
the production process. This supports the engineer and architect in making a funded decision
upon design alternatives.

Chapter 3

Method background
In this chapter the scientific background of the proposed method in Chapter 4 is described.
First it will be described how design alternatives are specified. Thereafter, it will be explained
what a graph is, and how it can be used in the analysis of a system. Also a similarity
analysis to detect product families will be explained. Finally, the concept of multi-objective
optimization and the Pareto fronts that can be derived from it are explained. All the concepts
are used in the proposed method, although some of them more extensively than the others.

3.1

System design alternative specification

To make decisions upon design alternatives, the engineers and architects must understand
the system and its alternatives. Therefore, the system should be well described and the
alternatives should be clear. In literature many different methodologies can be found to
describe high-tech systems. Those methodologies can be divided into two categories, being
graphical and text-based specification methodologies.
Examples of graphical specification methodologies are SysML (Albers et al., 2008), the
4+1 model (Kruchten, 1995) and Daarius (Bijlsma, 2019). Daarius distinguishes itself by using parameters in and validations between different domains of knowledge, so-called Knowledge Domains(KDs), in which the specification is decomposed, to enable qualitative and
quantitative system-wide reasoning (Bijlsma et al., 2019a).
Other methodologies describe systems by text-based specifications, and mainly focus on
the (functional) requirements of the system. To manage the large volume of requirements,
many tools are developed. Many of these requirement tools are listed in the work of Carrillo
De Gea et al. (2012). However, Wilschut (2018) states in his work that those tools do not
consider the conciseness and preciseness of the written specifications. Therefore, he developed
a new language called the Elephant Specification Language(ESL), which is a specific language
format in which specifications can be made, such that from these textual specifications a
graph can be derived automatically. ESL is part of the Elephant Methodology.
The next two sections elaborate on Daarius and the Elephant Methodology, since those
methodologies are developed by the contributing companies to this research, and are the
starting point of this research.

3.1.1

Daarius

Daarius is a graphical specification methodology, which decomposes the system in areas of
knowledge and information, such that each Knowledge Domain(KD) has its own experts for
that part of the system. KDs exist on the level of realizations of the system, but also on
9
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the level of qualities, and stakeholders of the system. Therefore, Daarius has a structure
consisting of several layers, such as the stakeholder, system, quality and realization layer in
Figure 3.1. It is possible to leave or add other layers.

Figure 3.1: Schematic overview of a Daarius structure
Daarius us used in the early design phase of the engineering design process (Bijlsma
et al., 2019b). Muller (2004) defined the Product Creation Process(PCP), consisting of
three phases: architecting, designing, and engineering. Daarius is used in the architecting
and designing phase, where information is still incomplete, but where decisions have much
influence on the final design. For detailed specification and engineering of a system it turned
out that other specification methodologies are more suitable.
Daarius uses the BoDERC methodology (Heemels et al., 2006) as a starting point, which
has the goal to identify key drivers and requirements, find critical design aspects by identifying and mapping tensions and conflicts, and evaluating the critical design aspects by
adding small models. This is implemented in Daarius by defining parameters and coupling
them to others by simple models, such as formulas, look up tables, and python scripts. The
specification contains validations to check whether KDs agree on parameters that are used
by multiple KDs. Validations between different layers show if the targets from the upper
layer are met by the lower layer that typically offers a solution. During evaluation of design
alternatives the aim is to make all the KDs agree on shared parameters.
The development of a Daarius specification is monitored by keeping track of all successful
and unsuccessful system designs, such that in case of an unsuccessful system design, one can
go back to a previous successful design. This principle stems from MULTIFORM of Moneva
et al. (2011).
The Daarius methodology enables qualitative and quantitative system-wide reasoning,
because the complete system can be specified and due to the relations between KDs, it is
possible to reason about the impact of a change in one KD by tracing its relations to the
other KDs (Bijlsma et al., 2019a).
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Elephant Methodology

The Elephant Methodology(EM) is a text-based specification methodology, and aims in
bridging the gap between requirement engineering and solution architecting. System functions and design specifications can be written down in terms of needs, requirements and
constraints at multiple levels of granularity (Wilschut, 2018). The main concept of EM is
the use of functional descriptions, which can be divided into two categories: goal and transformation specifications. A goal specification describes the goal of a component with respect
to another component, where a transformation specification describes the internal workings
of a component. ESL is developed to enable switching from a text-based, readable specification to a graphical representation thereof. This has been achieved by using a specific
grammar, such that a graph can be extracted automatically by a compiler. The grammar
consist of a verb+noun representation, with some extensions such that complete and readable sentences can be built. The verbs and nouns are chosen from the functional basis of
Stone and Wood (2000), later improved by Hirtz et al. (2002), to overcome ambiguities,
because it consists of a set of words in terms of flows and verbs that all have a significant
different meaning. To specify the system at multiple granularity levels, it is decomposed by
its component structure.
The Elephant Methodology can also be positioned within the architecting and engineering
phase of the PCP process, but stricter information is needed for specification, since the
predefined format must be used. EM does not have the ability to add mathematical models
between parameters yet. Therefore, it can not provide enough information for the engineering
phase of the PCP-process.

3.2

Graph definition, representation, and analysis

This section describes the definition of a graph, the representation of such a graph in a
Design Structure Matrix(DSM), and how this matrix should be interpreted. Thereafter, the
concepts of clustering and sequencing, which both can be used to analyze the DSM will be
described.

3.2.1

Graph definition

A graph is a mathematical data structure to model pairwise relations or dependencies between objects (Bender and Williamson, 2010). A graph G contains nodes and edges, where
nodes N are a set of elements and edges E are a set of relations between pairs of nodes N . A
graph can be directed or undirected, meaning that the relation between nodes is not always
reversible. As a consequence, edges of a directed graph have a source and a target, while the
edges of an undirected graph only have two related nodes. Nodes and edges can be enriched
by adding properties such as the type of a node and the type of a relation between nodes
(Van Gent, 2019).
In Figure 3.2, a graphical representation of a graph is shown, containing 6 nodes and 14
edges. The nodes are represented by the circles and the edges are represented by the arrows
between the circles. Note that a two headed arrow represents two edges. For example the
arrow between node c1 and c4 means that c4 depends on c1 and c1 depends on c4 .
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Figure 3.2: Schematic representation of a graph

3.2.2

Design Structure Matrix(DSM)

A graph can be represented by a Design Structure Matrix(DSM) containing the nodes and
edges (Steward, 1981). A DSM is a N×N binary matrix, showing relations between the N
nodes. The column elements are ordered in the same order as the row elements, such that
at the diagonal, elements are related to itself. An off-diagonal non empty cell at position i, j
indicates that row element i depends on column element j. In Figure 3.3a, a DSM is shown
in which also the type of relation is shown by using different colors.
DSMs support multiple kinds of analysis, such as clustering, sequencing and similarity
analysis, which will be described in the following sections.

(a)

(b)

Figure 3.3: Matrix representation of a graph (a) Unclustered DSM, (b) Clustered DSM
(Wilschut, 2018)

3.2.3

Clustering a DSM

Clustering a DSM is a technique which permutes rows and columns to search for clusters
such that there are many intra-cluster relations and relatively few inter-cluster relations.
Typically, a system consists of a bus, which is a group of integrative elements that have
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many relations to different clusters. Nodes that are part of the bus are called bus-nodes.
Clustering reveals the internal structure of a system.
There are multiple clustering algorithms, from which the following are the most popular
algorithms: k-means clustering (MacQueen, 1967), spectral clustering (Von Luxburg, 2007)
and hierarchical clustering (Ward, 1963). Wilschut (2018) developed a new clustering algorithm for DSM clustering, based upon the Markov clustering algorithm of Van Dongen
(2008). The advantage of this algorithm is that no extra input is required with respect to the
amount of clusters or hierarchical levels. Therefore this clustering is used in this research.
The algorithm uses a multi-level flow based Markov clustering. This means that a virtual
flow is injected at an edge in the graph. By monitoring the flow and how much of the initial
flow arrives at a certain node, the dependency of and influence on that node is determined.
Nodes that are strongly connected through this flow are put in one cluster.
The clustering algorithm can be controlled by 4 parameters, α, β, µ and γ, which have to
be tuned to obtain clusters that are satisfactory to the engineer (Wilschut, 2018). The effect
of the parameters on the clustering results is summarized in Table 3.1. It is also possible to
only take similarities into account above a certain value. This is called pruning and is useful
in case of a almost completely filled DSM.
Table 3.1: Effect of clustering parameters on the clusters
Parameter

Empirical
satisfactory
results

α

α=2

β

1.5 ≤ β ≤ 3.5

µ

1.5 ≤ µ ≤ 3.5

γ

1.5 ≤ γ ≤ 3

3.2.4

Effect on clustering results

Changing α has no effect on the cluster results and is
therefore set to 2.
Increasing β, gives more, but smaller clusters and increases the amount of hierarchical levels.
Increasing µ, gives more, but smaller clusters and increases the amount of hierarchical levels.
Increasing γ, reduces the amount of bus nodes.

Sequencing a DSM

Sequencing is a technique that also permutes rows and columns like clustering, but the
objective of sequencing differs from the objective of clustering. Instead of finding strongly
connected nodes, the objective is to identify feedback edges, that should be avoided in a
project (Meier et al., 2007). In a process DSM, the order of the nodes from the graph from
top to bottom represent a sequence of activities that take place in a project. Since the
columns are input for the rows, an edge above the diagonal means that an activity relies on
information of another activity that not have been finished yet. Therefore, edges above the
diagonal denote feedback marks.
Meier et al. (2007) gives an overview of the different objectives of sequencing. The main
objective is to reduce feedback marks, and to reduce the length of iteration due to feedback
marks. In the DSM this leads to the objective of pushing the edges below the diagonal
and pushing feedback edges towards the diagonal relatively. The algorithm of Gebala and
Eppinger (1991) achieves both objectives, by using the Path Searching algorithm of Steward
(1981) and the Depth First Search algorithm of Tarjan (1972). The Path Searching algorithm
determines the order of the sequence by determining which process can be executed with the
available information without assuming information that should be determined by other, not
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yet finished, processes in the project. The Depth First Search algorithm determines cycles
due to feedback within the DSM. The order in the sequence is determined by considering
the cycles as one process, removing the feedback between its processes, and using the Path
Searching algorithm. Thereafter, the cycle processes are replaced by the original processes,
leaving the original processes in the cycles unordered.
Wilschut (2019) developed a method to sequence a DSM with a flow-based Markov
technique, ordering the nodes with respect to the influence on and dependency of nodes,
such that the most influencing nodes appear at the top left and the most dependent nodes
appear at the bottom right.
Figure 3.4a shows a process DSM, containing 6 processes and the information that is
needed for each process. Using the Patch Searching algorithm, the DSM is sequenced into
the DSM in Figure 3.4b, reducing the amount of feedback marks to zero.

(a)

(b)

Figure 3.4: Matrix representation of processes in a project (a) Unsequenced DSM, (b) Sequenced DSM (Wilschut, 2018)

3.3

Similarity analysis

A DSM is an advantageous means to represent the graph of a system, and helps in analyzing
its structure. However in system development, one has to deal with many versions of a
system, containing other components, other working principles, and other structures. A
similarity analysis can be used to analyze the differences and similarities between different
versions of the system, such that product families can be detected.
Chen and Li (2005) introduced a method to find product families that uses a characteristic matrix C and a similarity matrix S as depicted in Figure 3.5a. Along the rows of
characteristic matrix C, all the aspects of the different design alternatives are represented.
Each column represents a design alternative. The characteristic matrix C is a Q × R binary
mapping matrix between the Q aspects and R design alternatives, such that an entry at
position k, j in C indicates that aspect k is a characteristic of design alternative j.
The similarity matrix S is a R × R matrix where the rows and columns are labeled with
the R design alternatives. Each entry i, j in S contains a value between 0 and 1, denoting
the similarity between two design alternatives. A zero means that two alternatives do not
share any characteristic, a value of one means that two alternatives contain exactly the same
aspects. The similarity value is calculated by the Jaccard Index (Jaccard, 1908) and given
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by Equation 3.1,
Pr
min (cki , ckj )
J(i, j) = Prk=1
k=1 max (cki , ckj )

(3.1)

where i and j are the design alternatives that are compared, k is the aspect that is considered
and cki and ckj are the entries k, i and k, j within the characteristic matrix C. Figure 3.5b
shows an example of four alternatives with three aspects in total, for which the similarity
is calculated. Consider for example design alternative 1 and 3; the similarity according to
1+1
the Jaccard Index is 1+1+1
= 0.67. The similarity matrix in Figure 3.5b is clustered using
with the multi-level flow-based Markov clustering algorithm (Wilschut, 2018) after pruning
similarity values below 0.5, resulting in two clusters as can be seen in Figure 3.5c. Those
two clusters represent two product families that are significantly different. The alternatives
within a cluster are highly similar.

(a)

(b)

(c)

Figure 3.5: Similarity analysis, adapted from (Wilschut, 2018)

3.4

Multi objective optimization

Multi-objective optimization(MOO) is an integral term, that comprises all activities concerning the optimization among multiple objectives (Burke and Kendall, 2014). In complex
systems there almost always will be conflicting objectives, from which the cost-quality conflict is the most well-known. MOO reveals the best solutions considering the objectives.
Since there can be multiple good solutions, for example a low-cost poor-performing solution
and a better performing solution at higher cost, MOO returns a set of trade-off optimal
solutions, also called Pareto solutions. Note that due to trade-offs it is impossible to find
a solution that is optimal for each objective. MOO aims to find a set of maximally spread
Pareto solutions, which is decided upon using extra (qualitative) information. A spread set
of solutions gives the architect and engineer more different performing solutions.
The classical way of solving MOO-problems is by scaling the multiple objective into
a single objective, which can be solved with single-objective optimization tools (Burke and
Kendall, 2014). A way to do this is by weighting the different objectives based on importance.
However, weighting of objectives is rather ambiguous and does not take relations between
objectives into account. A small difference in weighting could lead to a complete other
performing solution.
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Pareto fronts

The Pareto solutions are obtained from choices that are made upon values for the decision
parameters. The initial design decisions evolve throughout the system, leading to a final
solution. For all possible design decisions, solutions are obtained, such that there are two
spaces, being the decision and solution space. This is depicted in Figure 3.6, where a threedimensional decision space is mapped to a two-dimensional solution space. Design decision
X contains the individual decisions upon all the design parameters, and maps to solution S.
The solution space represents all solutions, but does not distinguish between good and
bad solutions. The objectives on the KPPs determine the optimal and thus Pareto solutions.
All the Pareto solutions together form the Pareto front. For example in Figure 3.6, both
KPPs have to be minimized. As a consequence the Pareto front is represented by the bold
face of the solution space. In case of a Pareto front in which the objectives are conflicting,
there is a trade-off between those two KPPs.

Figure 3.6: Mapping between decision and solution space, adapted from Burke and Kendall
(2014)
It is also possible to have more than two KPPs. In that case multiple 2D figures containing
all the combinations of two KPPs will give a clear insight in the relation between each pair
of KPPs, such that all trade-offs between KPPs can be detected (Deb et al., 2000). Also the
performance of a solution in each front will be presented, which enables better understanding
of the individual solutions and their performance. An example of such a figure can be found
in Figure 3.7, where four KPPs are presented with the Pareto fronts between those KPPs.
The y-axis is coupled per row and the x-axis is coupled per column. If a horizontal line
through all row plots is drawn, the intersections with the Pareto fronts represent the same
Pareto solution.
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Figure 3.7: Grid of Pareto fronts between pairs of KPPs

3.4.2

Non-dominated sorting

The solution space concerning two objectives as in Figure 3.6 is a relatively simple space to
find the Pareto front. However, in most design problems, the decision space and solution
space are discontinuous and more than 2 objectives are considered. Therefore, the concept
of domination has been introduced, that pair-wise compares solutions to find the dominant
solution (Burke and Kendall, 2014). There are two conditions that a solution needs to comply
with to be dominant. Consider two solutions Si and Sj , Si is considered to be dominant over
Sj if and only if:
1. Si is no worse than Sj for each individual objective, and
2. Si is strictly better than Sj in at least one objective.
To find all the non-dominated solutions for a system, first two solutions are compared,
and the dominant solution is stored in a list L. Thereafter, each solution S is compared with
each solution SL from the list and added if it is not dominated by any solution SL . If S is
dominated by any SL it is rejected. If S dominates a solution SL , SL is eliminated from the
list and S is added.

Chapter 4

A method to support quantitative
decision-making upon design alternatives
In this chapter a method is proposed to support decision making upon design alternatives.
This method is based on the evaluation of design alternatives, such that the design choices
upon concepts for individual parts of a system can be related to the performance of the
system as a whole. First an overview of the method and the assumptions that have been
made will be presented, thereafter the method will be explained in detail, using an illustrative
example, which is a simplified version of the bicycle case which will be used in Chapter 5.

4.1

Outline of the proposed method

The supportive quantitative decision method consists of seven steps, which can be divided
into three main activities. The first activity, consisting of Step 1, concerns the collection of
data. The second activity comprises Steps 2-3, in which the design alternatives are evaluated.
The third activity comprises the Steps 4-7, in which the analysis of the design alternatives
is the core activity.
The method highly depends on parameters. Distinction is made between three types of
parameters, namely continuous, discrete and categorical parameters. Continuous parameters
are numerical parameters that can take each value between an upper and lower bound, i.e.
lowerbound ≤ x ≤ upperbound. Discrete parameters are numerical parameters that can
take a value from a finite set of numbers, not necessarily integers, i.e. x ∈ {1, 2.5, π, 20}.
Categorical parameters are non-numerical and consist of a finite set of options, i.e. x ∈
{option1, option2, option3}.
The method generates three types of figures, being a Pareto grid in which design alternatives are related to KPP performance, a similarity plot denoting the concepts in each
alternative, and a Pareto grid in which product families are related to KPP performance.
Those will give a graphical representation of the design alternatives and their performance.
Those figures can be used in the discussion to decide which design alternative or alternatives
should be selected for further development and finally for production.
A schematic overview of the proposed method can be found in Figure 4.1. In the remainder of this section, each step of the method is explained.
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Step 1 - Generate system design graph: The inputs for the supportive quantitative
decision-making method are parameters, and models that relate parameters to
each other. A parameter has two properties, its possible values, and if it is
a KPP. The properties of a model are the inputs and outputs of the model.
This information is stored in a graph, called the system design graph, such that
this method is independent of specification languages, and applicable in each
programming language. The parameters are stored as nodes, the models as edges.
A graph is chosen as information structure, because DSMs are commonly used
in combination with graphs and later on in the method, DSMs and the tools for
DSMs are used. The data can be collected from a specification on the condition
that conceptual design choices are described by parameters and related to the
performance of the system, described by the KPPs. There may be intermediate
parameters and models that describe the relation between conceptual design
choices and KPP performance. The graph also can be defined directly.
Step 2 - Sequence parameters: The system design graph is converted into a DSM,
where parameters are the labels of the rows and columns, and models are the
relations between the parameters. The DSM is sequenced to obtain an order in
which the parameters are determined. Parameters that are independent of other
parameters can freely be chosen and are therefore considered to be the input
parameters of the system. When a value for the input parameters is chosen, the
other parameters, including the KPPs, can be calculated using the parameter
sequence.
Step 3 - Calculate performance of design alternatives: The parameter sequence
from Step 2 is used for the evaluation of design alternatives. A design alternative
is defined as a unique combination of design choices. A design choice is a choice
upon the values of an input parameter. There may be incompatible design

Figure 4.1: Schematic overview of the supportive quantitative decision-making method
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choices, because of conflicting system concepts. A list of these conflicting design
choices should be defined by the user, such that infeasible design alternatives
are excluded from further evaluation. For the feasible design alternatives, the
performance on the KPPs is calculated using the sequence.
Step 4 - Sort design alternatives: Based on the performance on the KPPs, the set of
design alternatives is sorted according to the non-dominated sorting as presented
by Burke and Kendall (2014) and described in Section 3.4.2. This results in a
set of non-dominated solutions, which is further considered in the analysis to
support decision making.
Step 5 - Visualize Pareto fronts: The non-dominated solutions are presented in a grid
of Pareto fronts between pairs of KPPs as in Figure 3.7, which visualizes the
solutions with respect to the performance on the KPPs. The relation between
KPPs are made explicit when non-dominated solutions are represented in the
Pareto fronts. In combination with the objectives on the KPPs, the trade-offs
of the system are identified and made explicit.
Step 6 - Perform similarity analysis: The non-dominated solutions are also used in
a similarity analysis, to detect product families. Product families are useful in
decision-making, because they support product variety, which is often expected
by customers. All different concepts for the design choices are considered as
aspects in the similarity analysis, since the design choices upon those concepts
together define the design alternatives. For each pair of alternatives a similarity
value is calculated, which is used for clustering, to identify the product families.
Step 7 - Visualize Pareto fronts with product families: The product families that
are identified in step 6, are presented in the Pareto fronts. This relates the
product families to the KPP performance, such that from the characteristic
aspects within a product family, the conceptual design choices are related to
the system performance. Also the these Pareto fronts show how the trade-off
decisions affect the market segment that is served.

4.1.1

Assumptions

For the proposed method, several assumptions have been made, which are listed below.
• Models are well defined, meaning that it is defined which parameters are related and
what the relation between these parameters is.
• The input parameters of the system are assumed to be categorical or numerical constants. In the early stage of design, the choices mainly are about which system concept
should be chosen, which is described by categorical parameters, rather than for example which dimensions fit in the design. Since a constant is not dependent on other
parameters, it consequently will be an input parameter and therefore it should be
allowed.
• It is assumed that there is no feedback after sequencing the parameter DSM, i.e. the
graph is acyclic, such that all parameters can be calculated in a deterministic way,
without making assumptions for information that is not yet provided. If feedback
cannot be prevented, other ways have to be found to compute the parameters in a
deterministic way. Options are to modify the specification, such that the feedback loop
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is eliminated. Another way is to pretend the feedback mark is not there, also called
tearing (Eppinger and Browning, 2012). The contrary is also possible, resulting in
estimation of a parameter, which is used in further calculations, until that parameter
is calculated in the sequence. This calculated value can now be used to redo the
calculations within the cycle, until the parameter converges. However, what to do if
the graph contains cycles is outside the scope of this research, and therefore will be
left for future research.
• The calculation time to evaluate a design alternative and the amount of alternatives is
relatively small, such that the total computation time to evaluate all design alternatives
stays within a reasonable amount of time. If this is not the case, clever alternatives
to evaluate the decision space without evaluating all design alternatives should be
considered, such that the Pareto front can be approximated. This will be left for
future research.

4.2

The bicycle, an illustrative example

The proposed method will be explained by using an example of an electric bicycle. The
bicycle consists of a frame, a drivetrain, and a set of wheels, as depicted in Figure 4.2.
For each object there are two options, which need to be decided upon to define which bike
should be produced. The frame can be made of aluminum or carbon, the wheelset of steel
or aluminum and the drivetrain can be positioned in the front wheel hub, or between the
pedals, a so-called mid-drive.
The performance of the bicycle is determined by three KPPs: material cost, sportiness,
and weight. The bicycle has to be a sportive bicycle with minimal weight at minimal cost.
The sportiness of the bicycle is expressed by a value between zero and ten, where zero means
not sportive at all and ten means extremely sportive.

Figure 4.2: Bicycle and its components used in the illustrative example

4.3

Collect information

To make the method applicable, regardless of the system specification type and programming
language, a data structure is needed that provides all information. Once this data structure
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is defined and used to describe the system, the method can be applied in whichever programming language will be used. The graph structure is chosen as data structure because it
is often applied in combination with DSMs. The basics of a graph are described in Section
3.2.1.
Information that is needed during the method is listed below.
• Parameters with their type (continuous, discrete or categorical) and the possible values.
For a continuous parameter this will give an upper and lower bound, for a discrete
parameter this will give a set of numbers, and for a categorical parameter this will give
a set of options. Note that in case of a constant parameter, either the lower bound
equals the upper bound or the set of possible values has a size of one.
• Models with the needed inputs and outputs
• KPPs with their objective
• List of incompatible design choices
Parameters and the models between parameters are needed to calculate the performance
of the different design alternatives on the KPPs. The possible values are needed to obtain all
the design alternatives, since an alternative is a combination of concepts that are determined
by the input parameters. In principle only the possible values for the input parameters have
to be known, but it may be difficult to identify the input parameters directly from the
specifications themselves. To decide which design alternative is best, the objectives for the
KPPs have to be known, such that alternatives can be compared and decided upon. The list
with incompatible design choices is needed to exclude infeasible design alternatives.
The set of parameters P is defined as nodes, the set of KPPs K is a subset of all parameters, such that K ⊆ P, and the set of models is defined as M. Each parameter node has
the following properties:
• Whether parameter p ⊆ P, is a KPP such that p ⊆ K, and if so what the objective is
for this KPP.
• A set of values that can be adopted by parameter p.
The edges are the relations between parameters, which are described by the models M
between parameters. Each model m ⊆ M has a set of inputs Im and a set of outputs Om
as properties. The inputs and outputs may be KPPs. A relation between two parameters pi
and pj exists if there exists a model m such that pi is a member of input parameters Im and
pj is member of output parameters Om , which is mathematically described by Equation 4.1.
Ei,j = {(pi , pj ) | m = (Im , Om ) ∈ M,
pi ∈ Im , pj ∈ Om , pi 6= pj }

(4.1)

For the example of the electric bicycle, 15 parameters are identified, from which 3 parameters are KPPs, and there are 6 models that describe the relations between the parameters.
Because a model can describe multiple relations between pairs of parameters, they can represent multiple edges. In the bicycle case the graph contains 15 nodes and 18 edges. A part
of the system is represented in Figure 4.3. The rectangles represent the nodes, the arrows
represent the edges. It thus can be seen that the frame model describes three edges: between
frame material and frame cost, between frame material and frame weight, and between frame

4.4. Evaluate design alternatives

23

material and frame sportiness. The cost model also describes three edges: between drivetrain
cost and total cost, between frame cost and total cost, and between wheelset cost and total
cost. The full graph specification of the system can be found in Figure A.1 in Appendix A.

Figure 4.3: Schematic overview of a part of the system design graph of the illustrative bicycle
example

4.4

Evaluate design alternatives

In this section the evaluation of the design alternatives is described, which is the second part
of the proposed method in Figure 4.1.

4.4.1

Sequence parameters

The graph obtained in the previous section can be converted into a parameter DSM, which
is a compacter notation, but contains almost the same information. The nodes are the
labels of the rows and columns, the edges are placed in the matrix such that they relate
the corresponding nodes. The DSM of the bicycle can be found in Figure 4.4a, where the
15 nodes are the labels of the rows and columns. The edges describe the dependency of
parameters on other parameters. For example, the edges described by the frame model can
be found in (5,6), (7,6), and (8,6). This should be interpreted as nodes 5, 7, and 8 which
are frame cost, frame sportiness, and frame weight respectively, being dependent on node 6
which is the frame material.
From the parameter DSM in Figure 4.4a, the input parameters of the system easily
can be identified. The input parameters are the parameters that do not depend on other
parameters. In the DSM these parameters can be identified by searching for rows without
edges. For example in Figure 4.4a parameters 2, 6, and 13, which are the drivetrain position,
the frame material, and the wheelset material respectively, are independent parameters and
thus the input parameters of the system.
The parameter DSM is sequenced, with the objective to reduce feedback and if feedback
cannot be prevented, to reduce the feedback length. For the basic information and interpretation of sequencing, see Section 3.2.4. The sequence is found by using the Path Searching
Algorithm (Steward, 1981), in combination with the Depth First Search algorithm (Tarjan,
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1972). If there is feedback, the feedback cycles are sequenced using the flow-based Markov
technique (Wilschut, 2019), such that most influencing nodes are estimated, and the other
parameters can be determined by this estimated parameter.
Sequencing the DSM results in a sequence in which the independent parameters appear
first in the sequence, followed by the other parameters, including the KPPs, such that feedback is minimized. For example in Figure 4.4b, it can be seen that parameters 2, 6, and
13 appear at the beginning of the sequence and that there is no feedback after sequencing.
Sequencing also reveals the structure of evaluation. It can be seen if parameters can be
calculated in parallel, or in sequence. Parameters that can be calculated in parallel, rely on
the same information. In Figure 4.4b parameter 1, 3, and 4 can be calculated in parallel,
after parameter 2 is determined. This also shows that the relation between parameter 2 and
the parameters 1, 3, and 4 is sequential.

(a)

(b)

Figure 4.4: DSMs of the illustrative bicycle example (a) Unsequenced parameter DSM, (b)
Sequenced parameter DSM

4.4.2

Calculate performance of design alternatives

Based on the sequence obtained in the previous section, the parameters and KPPs of each
design alternative can be computed deterministically, assuming that there is no feedback
among them.
The design alternatives are defined as alternatives for which different design choices are
made upon the value of the categorical input parameters. The amount of design alternatives
m is defined by Equation 4.2,
m=

n
Y

length(qi )

(4.2)

i=1

where n is the amount of categorical input parameters I, and qn are the options for a
categorical input parameter. However there may be incompatible design choices, for example
due to physical constraints. Those will be eliminated from the evaluation, using the userdefined list with incompatible design choices.
The bicycle case contains three categorical input parameters, which have two options
each. Therefore, there are 23 = 8 design alternatives, which can be seen from Table 4.1.
For the sake of clarity, let the design choices carbon frame, front wheel hub-drive, and
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steel wheelset be incompatible with each other. In that case this design alternative is not
evaluated, and therefore no performance of this alternative is calculated. This can be seen
in Table 4.1, where solution 7 in the gray row is not evaluated.
The parameter values for the non-input parameters are calculated in the order of the
sequence, using the models that are defined in the system. These models can be of all types,
such as look-up tables, formulas, scripts or simulations, as long as there are inputs and
outputs that correspond to the parameters in the system.
The evaluation step results in a set of feasible design alternatives for which different design
choices are made and for which all the parameters are calculated, including the values for the
KPPs, describing the performance of a design alternative. In Table 4.1 the performance of
the different bicycles is presented, which is used in the subsequent step where the solutions
are sorted.

4.5

Analyze design alternatives

In this section the third part of the method is described. In this part, the design alternatives
are compared by their performance, such that the Pareto solutions are identified, enabling
identification of trade-offs and product families, relating the KPPs to each other and relating
the design choices to the performance of design alternatives. This accomplishes the research
objectives from Section 1.1.

4.5.1

Sort design alternatives

The concept of domination, described in Section 3.4.2 will be applied to the found solutions
from the evaluation of design alternatives, by comparing them against their performance on
the KPPs. This will result in a set of non-dominated solutions which are all Pareto solutions.
All dominated solutions will be eliminated from further analysis, reducing the total amount
of design alternatives to decide upon. The solutions can be eliminated because a dominated
solution has an opponent which is better in at least one objective and not worse for the
others. In terms of KPP performance, the dominating solution is thus always the better one.
In Table 4.1, the eight design alternatives were presented. When the concept of domination is applied to these results, solution 1 and 2, which are in the red rows, are dominated.
Table 4.1: Design alternatives of the illustrative bicycle example with their performance on
the KPPs
Design
alternative
Solution
Solution
Solution
Solution
Solution
Solution
Solution
Solution

1
2
3
4
5
6
7
8

Frame
material

Drivetrain position

Wheelset
material

Total
cost
(e)

Total Total
sporti- weight
ness
(kg)
(-)

Aluminum
Aluminum
Aluminum
Aluminum
Carbon
Carbon
Carbon
Carbon

Mid-drive
Mid-drive
Front wheel
Front wheel
Mid-drive
Mid-drive
Front wheel
Front wheel

Steel
Aluminum
Steel
Aluminum
Steel
Aluminum
Steel
Aluminum

1910
1980
1890
1960
2010
2080

7.09
7.41
7.09
7.41
7.89
8.21

25.7
23.7
25.1
23.1
23.3
21.3

2090

8.01

20.7

hub-drive
hub-drive

hub-drive
hub-drive
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Solution 1 is dominated by solution 3, because its sportiness is the same, but the cost and
weight are lower than solution 1. The same applies to solution 2 and 4, where solution 4
performs better at the cost and weight KPPs, and the same at the sportiness KPP. The
solutions 3-6, and solution 8 do not dominate each other, because for the solutions 3-6 when
the cost increases, the sportiness also increases. Solution 8 is not dominated because it
has the highest cost, but the lowest weight. Therefore, solutions 3-6 and solution 8 are the
non-dominated solutions for the bicycle.

4.5.2

Visualize Pareto fronts with non-dominated design alternatives

The non-dominated solutions are presented in a grid of axes showing alternatives in terms
of their performance on pairs of KPPs, as can be seen in Figure 4.5. A solution is presented
in each figure, with the same color, such that the performance of an alternative on all KPPs
can be seen. Since the obtained set are all non-dominated solutions and thus the complete
set of Pareto solutions, they form the Pareto front together.

Figure 4.5: Pareto solutions of the illustrative bicycle example against different pairs of
KPPs
The background of each sub-figure in Figure 4.5 has a gradient from red to green, which
denotes the objective of both KPPs at different axes per sub-figure. This means that where
both objectives are fulfilled best, the background is green and where both objectives are
fulfilled worst, the background is red. The objective aims to find a solution that is closest
to the green corner in each sub-figure. However it can be seen that in the upper sub-figures,
it is hard to say which solution is closer to the green area. This is due to the existence of
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a trade-off between material cost and sportiness, and material cost and weight. A better
sportiness and weight is at the expense of a higher material cost. There is no trade-off
between sportiness and weight, since these objectives are not conflicting, there are solutions
that perform good with respect to both objectives.

4.5.3

Similarity analysis

A similarity analysis will be performed to the non-dominated solutions to identify product
families. The aspects that are taken into account in the similarity analysis are all the values
for the categorical input parameters, since these parameters represent the different concepts
that are an option for a part of the system. The similarities for each pair of non-dominated
solutions is calculated, which will be used in the clustering to find clusters that represent a
product family.
The aim of clustering is to find product families, such that a cluster results in product
variants where the most important concepts are kept constant; hopefully resulting in reuse
and cost savings. The architect or engineer knows beforehand which aspects are determinative in the production process. For example in the bicycle case, the frame is the most
important part. The production process of the frame is dependent on the material that is
chosen, and whether the drivetrain must fit in the frame or in the hub of the front wheel.
Therefore, the engineer or architect aims to cluster the results, such that in a cluster the
frame material is the same and the position of the drivetrain is the same. The material of
the wheelset is less important, because whether the wheelset is of steel or aluminum, does
not influence the production of the frame. For this reason aspects can be weighted, such
that determinative aspects are weighted more. This influences the similarity of two design
alternatives, such that if a determinative aspect is present in both, the similarity is relatively high and if the design alternatives have different determinative aspects, the similarity
is relatively low. This effect can be seen in the matrices below, where the Jaccard indexes
are given for Figure 3.5. In the left matrix no weighting is applied, in the right matrix, the
aspects for the frame material and the drivetrain position are weighted with a factor two.
For example, the similarity between solution 5 and 6 has become 0.67 instead of 0.5, because
both solutions contain a carbon frame and a mid-drive.
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0.2
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0
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1
0
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0.25
0.11
0
1
0.67

0.43
0
0.11
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1








There are many possible outcomes to the clustering because of different settings for the
cluster parameters. However, the flow-based Markov clustering lacks a systematic approach
to converge to a desirable clustering. Therefore, it is described how to converge to a meaningful clustering.
In the clustering of a similarity matrix, there are no bus-nodes, because there are no
elements that integrate other elements. The parameter α is fixed to 2, so there are only
two parameters left for tuning the clustering, β and µ. Those are first set to 2, thereafter
the clustering is done. Dependent on the amount of clusters and their size, the parameters
are increased or decreased one by one, until the best cluster result is obtained. The cluster
result is best if the determinative aspects that are present within a cluster are the same. In
the bicycle case this is when solutions in a cluster all have the same frame material and the
same drivetrain position.
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For the bicycle example, clustering is performed with α, β, and µ set to 2. This results
in Figure 4.6, where two satisfying clusters are identified. Apparently there are two product
families, from which one consists of aluminum frames and a front wheel hub-drive and one
family consists of carbon frames and a mid-drive. Solution 8 does not belong to a product
family and can thus be considered as a single solution.
Product family 1:
100% aluminum,
100% front wheel hub-drive
Product family 2:
100% carbon, 100%
mid-drive

frame material

drivetrain position
wheelset material

solution 8
solution 3
solution 4
solution 5
solution 6
aluminum
carbon
front wheel hub-drive
mid-drive
steel
aluminum

Figure 4.6: Similarity and characteristic matrix for the illustrative bicycle example

4.5.4

Visualize Pareto fronts with non-dominated design alternatives, clustered in product families

The result of the similarity analysis, being the product families, is presented in the figure
with Pareto fronts. This combines the view of the producer with the view of the customer.
The producer is more concerned about the manufacturability and the customer about the
performance of the product. In such a way, the product families are related to the Pareto
fronts, such that a choice upon product families can be made, to provide product variety
and possibly enlarge the market segment that can be served by the company. The similarity analysis in combination with the Pareto fronts, also relates the design decision to the
performance of the product.
The non-dominated solutions of the example case are shown in Figure 4.7. The green
solutions represent the product family with the aluminum frame and the front wheel hubdrive, the orange solutions represent product family with the carbon frame and mid-drive,
and the green solution is the solution that do not fit in the identified product families.
From the upper left figure in Figure 4.7, it can be concluded that the found product
families serve another market segment, in either the costs and the sportiness of the bicycle.
For the weight of the bicycle there is a small overlap between the market segment that is
served by the product families.
Looking at the difference between solutions within the orange product family, shows that
the design alternative containing the aluminum wheelset costs more, but has a lower weight
and better sportiness, compared to the bicycle with the steel wheelset.
Summarizing, this method provides quantitative information about a product to support
the decision making, however the final decision is up to the company. The obtained figures
act as a means to describe the design alternatives and their performance and support the
discussion about which design alternative or alternatives should be selected for production.
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Figure 4.7: Pareto solutions of the illustrative bicycle example against different pairs of
KPPs, with the colors denoting the product families

Chapter 5

Proof of concept: Full bicycle case
In this Chapter the proof of concept is presented using an extended version of the bicycle case
presented in Section 4.2. In this extended example four design choices are added with respect
to the type of brakes, type of gears, type of transmission, and type of wheel mounting, as can
be seen in Figure 5.1. Also an extra KPP is taken into account, which is the development
cost of the bicycle.

Figure 5.1: Bicycle and its components (red: frame, dark blue: drivetrain, orange: wheelset,
light blue: brakes, green: gear, purple: transmission, yellow: wheel mounting)
In this chapter, the different design alternatives, that are composed of the choices for
individual parts of the bicycle, are evaluated, such that the performance of each alternative
on the KPPs is identified. These results are used for an analysis in which trade-offs and
product families are identified, and in which the performance of individual alternatives is
related to the design choices, to support the decision-making upon the design alternatives.
The bicycle case is an already existing case which is used to explain the Daarius methodology Bijlsma (2019), and is an interesting case because of an expected tension between the
30
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KPPs. The case is about a bicycle manufacturer which decides to bring an electric bicycle to
the market, because this is a growing marketing segment within the bicycle market. In the
development of such a bicycle, the options are explored, to gain experience in the technology
of the electric bicycles. After specification of the bicycle, it turns out that the position of the
drivetrain is the most important choice that has to be made. There are three possible options: in the hub of the front or rear wheel, or between the pedals, a so-called mid-drive. The
mid-drive results in a better weight division of the bicycle, and therefore a higher sportiness.
However, for a mid-drive the frame has to be redesigned causing an increase in cost and low
durability. A hub-drive is cheaper in development, but results in a less sporty bicycle.
The choice mentioned above, is considered to be the most important choice, after specification of the case and some attempts to compile a bicycle from the design choices. However,
since there are many optional compositions of the bicycle this did not give an answer to
which bicycle was the best. Therefore, the complete design space is explored with the supportive quantitative decision-making method, such that a decision can be made upon the
best bicycles, and the trade-offs can be taken into account.

5.1

Collect information

The Daarius specification of the bicycle is taken as the starting point from which information
is collected. The information that is needed in this method will be obtained and stored in
a system design graph as defined in Section 4.3. As described in Section 3.1.1, a Daarius
specification is decomposed into areas of knowledge, so-called knowledge domains(KDs),
often representing a part of the organization that is responsible for part of the system. KDs
are connected by validations between shared parameters. Since in this research only the
bicycle is considered, and a design alternative can only have one value for a parameter, the
validations are eliminated by equalizing all parameters that are directly connected via a
validation.
The Daarius specification of the bicycle contains four layers, which are from top to
bottom: the stakeholder layer, the system layer, the quality layer and the realization layer.
Only the lower three layers are taken into account, because these layers describe the options
for the bicycle and its performance. The stakeholder layer contains the requirements for the
bicycle, which are considered when competitive design alternatives are found and a decision
upon those design alternatives has to be made.
All the parameters in the bottom three layers that are used to describe the system, are
collected and defined as the nodes of the system design graph. Parameters that are used
multiple times in the Daarius specification are converted into only one node. This results in
45 nodes for which now the properties can be added.
For each parameter in Daarius, it is defined if it is a continuous parameter, or a discrete
or categorical parameter. For each continuous parameter the bounds are set from 0−∞. The
values for discrete or categorical parameters are defined in enumerations, and can directly
be added as a property to the corresponding parameter nodes.
All numerical parameters in the system layer are considered to be the KPPs of the
system, since these parameters are considered by the stakeholders to make a decision upon
design alternatives. The categorical parameters are not taken as KPPs, because it is not
possible to say which parameter value is better without converting that parameter into a
numerical parameter. Therefore these parameters are determined during the evaluation of
design alternatives, but not used in the non-dominated sorting during the analysis of the
design alternatives. This results in four KPPs, being the material cost, development cost,
sportiness and weight. The objectives of the KPPs are defined by the user, which is rather
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intuitively. The material cost and development cost need to be minimized, the sportiness
needs to be maximized and the weight needs to be minimized. If a parameter is a KPP, this
is stored as a property of the parameter, which also includes the objective of that KPP.
The edges, which are represented by the models of the system, are obtained from the
transformations between the parameters in the bottom three layers in the Daarius specification. Transformations are the only language element that relate parameters quantitatively.
These transformations describe which inputs and outputs are needed and which model should
be used to determine the outputs from the inputs. 11 models are obtained from the specification, from which 8 models are lookup tables and 3 models are simple python scripts.
Those models describe 81 relations between parameters, resulting in 81 edges between the
parameter nodes. An edge between two parameters implies that the value of one parameter
is needed to determine the value of the other parameter.
Besides the definition of the system design graph, also a list of incompatible design
choices is needed, to exclude design alternatives that are not feasible. The incompatible
design choices are extracted from the lookup tables that are mostly used in the Daarius
specification of the bicycle. If some of the inputs of a lookup table are input parameters, and
if the values of these input parameters that represent the possible design decisions are not
defined as a possible combination, these design choices are considered to be incompatible.

5.2

Evaluation of design alternatives

In this section, the system design graph will be converted into a DSM, which is used to
obtain the design alternatives and their performance on the KPPs. For the bicycle case this
resulted in 1620 feasible design alternatives for which the performance is calculated based
on four KPPs.
The system design graph is converted into a DSM, resulting in Figure 5.2, where the
nodes appear as labels of the rows and columns and the edges appear in the matrix to
denote the relation between the nodes. From this DSM the independent parameters of the
system are identified, which are 11 in total. The possible values of these parameters are used
to determine the design alternatives and can be found in Table 5.1. Apparently there are
7 categorical input parameters and 4 constant input parameters. The corresponding nodes
are colored blue and red respectively in Figure 5.2. The orange nodes are the KPPs of the
Table 5.1: Possible values for the input parameters
Parameter

Possible values

motor weight
battery weight
peripheral material cost
range
wheelset mounting
wheelset material
brake type
transmission type
gear type
drivetrain position
frame material

constant: 5 kg
constant: 3 kg
constant: e400
constant: 60 km
bolt, quick release, thru axle
steel, aluminum, carbon
v-brake, roller brake, disc brake
chain, chain and guard, axle, belt
hub gear, cogset
rear wheel hub-drive, front wheel hub-drive. mid-drive
steel, aluminum, carbon
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system. The range of the bicycle is taken as a constant in the Daarius specification, because
it is only dependent on the type of battery and type of drivetrain. Just taking a battery with
more capacity will enlarge the range. Therefore the range is considered not to be important
enough to consider multiple values.
In the definition of a design alternative, a choice is made for each categorical input
parameter, such that in total there are 1944 design alternatives, since 3×3×3×4×2×3×3 =
1944.
Design alternatives that contain incompatible design choices are eliminated, using the list
that is defined during the information collection. The choice of a hub gear is incompatible
with the choice for the drivetrain in the rear wheel hub, since it is impossible to fit both in
the rear wheel hub. Therefore, 324 design alternatives are eliminated, such that 1620 design
alternatives are left for evaluation.

Figure 5.2: Parameter DSM of the bicycle
The parameter DSM from Figure 5.2 is sequenced according to the algorithm described
in Section 4.4.1, resulting in a DSM without feedback as shown in Figure 5.3. Note that all
the independent parameters appear at the top of the DSM and the KPPs relatively at the
bottom of the DSM.
For the remaining 1620 design alternatives, the parameters are calculated based on the
design decisions, using the sequence from Figure 5.3, where the sequence consists of the
nodes from top to bottom. For the calculation, the models are used that are identified during
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Figure 5.3: Sequenced parameter DSM of the bicycle
the information collection. This results in a set of 1620 design alternatives for which the
performance on the KPPs is calculated, such that the different alternatives can be compared
and analyzed.

5.3

Analysis of design alternatives

In this section the figures that are obtained by the supportive quantitative decision-making
method are presented and the results are explained, to show how these figures can support
in the decision-making upon design alternatives.

5.3.1

Sorting the design alternatives and visualize them in Pareto fronts

The design alternatives are sorted using non-dominated sorting as explained in Section 4.5.1,
such that the non-dominated set of solutions is found. For the bicycle case, this results in
72 non-dominated solutions, which is a reduction of more than 20 times the original set
of solutions. These design alternatives are presented in Figure 5.4, where a solution is
represented among each sub-figure with the same color. Note that there are only 18 colored
circles in each sub-figure. This is due to the fact that at each circle, there are four solutions,
but they have exactly the same performance on each KPP. The difference between those
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four solutions is the design choice for the transmission type. Therefore, it can be concluded
that the transmission type has no influence on the performance of the bicycle, with respect
to the KPPs of the system.
Figure 5.4 shows the performance of each non-dominated solution with respect to the
four KPPs of the system. Because all possible combinations of two KPPs are captured in
one sub-figure, the relation between each pair of KPPs can be identified. Once the objective
is know for each KPP, also the trade-offs between the KPPs can be identified. A trade-off
namely exists if the solutions that perform better on one KPP, perform worse on another
KPP. To visualize the objectives on the KPP, a background gradient from green to red is
added to each sub-figure, such that when a solution performs worst on both KPPs, it appears
in the red area and when it performs best on both KPPs is appears in the green area. There
exists a trade-off if the extreme majority of the solutions is not in the red and not in the
green area. In that case, for the majority of the solutions it cannot be concluded which
solutions performs best on both KPPs, because when such a solution performs better on one
KPP, the other KPP performance gets worse.

Figure 5.4: Pareto solutions of the extended bicycle case against different pairs of KPPs
From Figure 5.4 several observations can be done. There seems to be almost a binary
performance on the total development cost KPP, regardless of the other KPPs, as can be
seen in Figure 5.4.a, 5.4.d and 5.4.e. Further analysis pointed out that this is caused by the
fact if there is a mid-drive or a hub-drive present. The choice for a mid-drive results in a
frame that has to be modified to fit the mid-drive between the pedals. This is associated
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with a relatively high amount of development cost. Since the company already has produced
bicycles, of which the frames can be combined with a hub-drive. As such, the designs of
these frames can be reused. Therefore, the development cost of such frames is relatively low.
The relation between total material cost and total sportiness in Figure 5.4.b seems linear,
with exception of the upper four solutions. These four solutions seem to be dominated when
looking only in Figure 5.4.b, but from Figure 5.4.c, it can be seen that their weight is lower
than the other solutions. Since all KPPs are taken into account in non-dominated sorting
when two design alternatives are compared, those four solutions are not dominated. It also
can be seen from the background gradient, which shows the objective for the KPPs of both
axes, that there are no solutions that perform relatively better than the others in Figure
5.4.b. That is because of the existence of a trade-off between total sportiness and total
material cost. A better total sportiness comes at the expense of a higher total material cost.
The relation between total material cost and total weight in Figure 5.4.c, seems exponential. The lower the weight, the higher the cost. This also means there is a trade-off, because
the objectives of both KPPs are conflicting.
The relation between total sportiness and total weight in Figure 5.4.f is near linear,
however with a bigger spread at lower weight. There is no trade-off between those two KPPs,
because the objectives are not conflicting. There are solutions that perform significantly
better at both KPPs, as can be seen from the background gradient.
The aforementioned observations can support the decision-making upon design alternatives. This will be described in Section 5.4.

5.3.2

Similarity analysis of the non-dominated solutions

There are still a lot of candidates left for production, which should be decided upon to
determine which design alternative or alternatives finally will be produced. There also may
be possibilities to serve a bigger market segment by producing multiple variants of the bicycle,
without many adjustments within the production process. Therefore, a similarity analysis
is performed to find product families, such that product variety can be supported.
Product families are identified by clustering the similarity matrix. The aim of clustering
is to find product families, such that a cluster results in product variants where the most
important concepts are kept constant; hopefully resulting in reuse and cost savings. The
architect or engineer knows beforehand which aspects are determinative in the production
process. In the bicycle case, the frame is the most important part, because it connects all
the components. The production process of the frame is dependent on the material that is
chosen, and whether the drivetrain must fit in the frame or in the hub of the front wheel.
Therefore, the engineer or architect aims to cluster the results, such that in a cluster the
frame material is the same and the position of the drivetrain is the same.
In Section 3.2.3, it is explained that different cluster results can be obtained by choosing
different settings for the cluster parameters. Those cluster results should be compared to
decide which is best. This is based upon the appearance of distinctive aspects within a cluster. For each cluster, a percentage is calculated, representing the percentage of the solutions
within that cluster that contain the most appearing frame material and drivetrain position
in that cluster. For example, in cluster 1 in Figure 5.5, steel is the most appearing frame
material and a front wheel hub-drive the most appearing drivetrain position. Therefore, a
percentage of the solutions in that cluster that contain a steel frame and/or a front wheel
hub-drive is calculated. The aim is to find a cluster result for which these percentages are
relatively high in each cluster.
The non-dominated set of solutions, obtained in Section 5.3.1, is used in the similarity
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analysis. For the sake of clarity and visibility, the set of design alternatives is reduced to 18
alternatives that all contain a chain as transmission type. Since the transmission type did
not have effect on the KPPs, the figures with the Pareto solutions will not change visibly,
only each circle will represent one solution instead of four. However, the characteristic matrix
and similarity matrix become much more clear.
First a characteristic matrix is determined, in which for each design alternative the
present concepts are indicated. The possible concepts are based upon the possible values for
the categorical input parameters. From this matrix the similarity values between pairs of
design alternatives are calculated as described and explained in Section 3.3. In the calculation
of the similarities, all the aspects are considered to be equally important, and therefore no
weights are applied.
The obtained similarity matrix is clustered using the flow-based Markov clustering algorithm of Wilschut (2018) and described in Section 3.2.3. Because the similarity matrix is
almost completely filled, only the similarities higher that 0.6 are taken into account during
clustering. Different cluster parameter settings are used during the clustering to get different
cluster results, which are compared by the aspect percentages in a cluster. The result that
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Figure 5.5: Product families within Pareto solutions (no weighting, α = 2, β = 2.9, and
µ = 2.6)
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gave relatively high percentages, and thus is a relatively good cluster result, is presented in
Figure 5.5, where the cluster parameters are: α = 2, β = 2.9, and µ = 2.6.
From production perspective, the obtained cluster result is still not satisfying, since two
clusters still contain different frame materials and 3 clusters contain different drivetrain positions. Therefore the clusters do not really represent product families that can be produced
in the same way. Therefore weighting is applied to the design choices for the frame material
and the drivetrain position, because these aspects are determinative for the production process. The similarities between design alternatives are calculated again, but the determinative
aspects are weighted with a factor 2.
The new similarity matrix is again clustered, starting with the following cluster parameters: α = 2, β = 2, and µ = 2. The result is shown in Figure 5.6, where it can be seen that 2
clusters are identified. Product family 2 contains solutions that all have a carbon frame and
a mid-drive, but contain different brake types and wheelset material. Product family 1 contains almost only solutions with a front wheel hub drive, but there are many solutions with
different frame materials. Therefore the cluster parameters are adjusted, such that more
and smaller clusters are found, which hopefully divides the frame material among different
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Figure 5.6: Product families within Pareto solutions (frame material and drivetrain position
weighted 2, α = 2, β = 2, and µ = 2)
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clusters. Many different combinations of cluster parameter settings are investigated. The
cluster parameter settings that gave the best result, and thus the highest percentages, are:
α = 2, β = 3, and µ = 2.7. The result is shown in Figure 5.7, where it can be seen that four
clusters are identified. From top to bottom, the clusters are called the steel product family,
aluminum product family, carbon product family 1, and the carbon product family 2, and
represented by the blue, orange, yellow and green rectangles respectively. In each product
family the frame material is the same for each solution within that product family. Only in
the steel product family multiple drivetrain positions are obtained. The difference between
design alternatives within the product families are the brake type and wheelset material.
solution 82
solution 136
solution 730
solution 731
solution 748
solution 749
solution 1378
solution 1379
Carbon product family 1:
solution 1380
100% carbon,
solution 1396
100% front wheel hub-drive
solution 1397
solution 1398
solution 1432
solution 1433
Carbon product family 2:
solution 1434
100% carbon,
solution 1450
100% mid-drive
solution 1451
solution 1452
frame material
steel
aluminum
carbon
transmission type
chain
chain&guard
axle
belt
hub gear
gear type
cogset
drivetrain position front wheel hub-drive
rear wheel hub-drive
mid-drive
vbrake
brake type
rollerbrake
disc brake
bolt
wheel mounting
quick-release
thru-axle
steel
wheelset material
aluminum
carbon
Steel product family:
100% steel, 50% mid-drive,
50% front wheel hub-drive
Aluminum product family:
100% aluminum,
100% front wheel hub-drive

Figure 5.7: Product families within Pareto solutions (frame material and drivetrain position
weighted 2, α = 2, β = 3, and µ = 2.7)
In the begin of this section, the non-dominated set of solutions is reduced from 72 to 18
solutions. However, this raises the question if this has influenced the cluster results that are
found. Therefore also the same weighting and cluster settings are applied to the complete set
of non-dominated solutions. The result is shown in Figure B.1 in Appendix B. In this case,
five product families are identified, which all contain one frame material and one drivetrain
position in each product family. These product families are almost the same as the product
families from Figure 5.7, however the aluminum and carbon product families contain four
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times more design alternatives. This is as expected since the extra design alternatives are
the design alternatives that only have a different transmission type. The steel product family
from Figure 5.7 is split into two product families, with a different drivetrain position. It is
as expected that the steel product family is split into two, because the two found product
families are very similar, but the similarities between solutions from a different product family
are significant lower. Vice versa, it is also expected that by selecting one transmission type,
the two remaining steel solutions are put into one product family. After all, the similarity
between the upper solution from steel product family 1 and the upper solution from steel
product family 2 in Figure B.1, which have the same transmission type, is relatively high. It
can be concluded that the cluster results with 18 and 72 design alternatives are very similar.

5.3.3

Visualize Pareto fronts with non-dominated design alternatives, clustered in product families

The product families that are obtained in Figure 5.7 are combined with the Pareto front
visualization of Figure 5.4, such that the solutions in the Pareto figures that belong to the
same product family have the same color. This results in Figure 5.8, in which the same
colors are used as in Figure 5.7. The Pareto fronts with the product families visualized, give
extra insight on how to support product variety, such that multiple products are offered to
the market, but with a different performance on the KPPs to serve a bigger market segment.

Figure 5.8: Pareto solutions of the extended bicycle case within different product families,
against different pairs of KPPs
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In a figure with Pareto fronts in combination with product families, different aspects
can be searched for. The most important aspect is the relative position of the product
families, which denote which market segment can be served. Besides that, also the difference
in performance between product families can be investigated by looking at the difference
in performance, and the difference in design choices, between product families, and within
product families.
The position of the product families relative to each other say something about which
market segment they can serve. The product families with a carbon frame clearly serve
another market segment than the product family with the steel frames, as can be seen in
Figure 5.8. When looking at the general relation between the different product families, it
can be said that the green product family performs best but at the expense of higher material
cost and much higher development cost. The blue product family definitely performs worst
in terms of weight and sportiness, but also contains the cheapest design alternatives. The
yellow and green product families outperform the orange product family in terms of weight,
but there is an overlap in the performance on the sportiness KPP.
From Figure 5.8 it can be seen that the carbon product families show the same pattern
between the design alternatives. This means that the difference between the design choices
within these product family is causing the difference in performance on the KPPs. From
the corresponding columns in the characteristic matrix in Figure 5.7, it can be concluded
that the difference within the product families in the Pareto fronts is caused by the wheelset
material and the brake type.
The same kind of analysis can be done, but than looking for differences between product
families. For example looking at the difference between the yellow and green product family.
The difference in performance on the KPPs between the carbon product families can be
allocated to the different design choices for the drivetrain position.
In Figure 5.8.b, it stands out that the orange solutions have the same pattern as the
lower four solutions of the carbon product families. The relative position of the aluminum
product family with respect to the carbon product families, shows that aluminum solutions
are cheaper, but also less sportive and more heavy.
Another pattern that can be seen, is the appearance of pairs of solutions within the
aluminum and carbon product families that are almost right above each other in Figure 5.8.c.
The difference in design choices for these pairs of solutions points out that the difference in
performance is caused by a different brake type.

5.4

Support decision making with the executed method

The bicycle case proofs that once the right information is collected, the supportive quantitative decision-making method can be used to get insights in the performance of different
bicycles. The information is collected from a Daarius specification and put into a system
design graph. The system design graph is converted into a DSM, such that after sequencing,
the order is determined in which all parameter values can be determined. The parameter
values can be determined once a design decision is made for individual parts of the system, by
using the models that are obtained from the Daarius specification. The evaluation of design
alternatives resulted in a set of 1620 feasible design alternatives for which the performance
is determined by the KPP values.
The analysis of the feasible design alternatives resulted in more understanding of the
design alternatives, and their performance. The set of design alternatives is first reduced
from 1620 to 72 solutions, by non-dominated sorting. The non-dominated solutions are
presented in a grid of Pareto fronts, to analyze the performance of design alternatives, and
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to identify trade-offs. Two trade-offs were identified, which were a trade-off between material
cost and sportiness and between material cost and weight. The non-dominated solutions are
also used in a similarity analysis to identify product families. Four product families were
identified, which are presented in the grid with Pareto fronts, to investigate the performance
of product families.
To make a final decision upon the design alternative, to decide which bicycles should
be produced, the trade-offs and product families should be taken into account. The final
decision depends on the type of organization and their marketing strategy. For example, a
company that produces small and simple products can make more profit if more products
are sold, because of the possible mass production. In case of a company that produces more
customized and complex products, this is different. They probably want to sell less products,
such that these products are more exclusive and therefore can be sold against higher prices.
The market of bicycles is a rather big market, with many manufacturers. Therefore, to
make profit, the company wants to serve a big market segment, for which different trade-off
decisions are made, such that for the consumers bicycles become available against a wide
range of costs, sportiness and weight. Note that the development cost is only interesting for
the company itself. Because of the fact that the design alternatives within a product family
can be produced in the same way, it would be interesting to choose for a bigger, more spread
product family in terms of KPP performance. As such, product variety is supported and a
bigger market segment can be served.
Both carbon product families contain the most design alternatives and are the most
spread in terms of cost, sportiness, and weight. However, the cost of the cheapest bicycle are
still rather high, which may be problematic for the amount of bicycles that can be sold. It
may be more beneficial to produce aluminum bicycles, resulting in less product variants, but
a much bigger market segment in terms of sales. Therefore the decision between aluminum
and carbon frames, may depend on the amount of sales. If the carbon frames are chosen
as the best alternative, the decision for the drivetrain position is still not made, and also
does not influence the performance of the bicycle very much. However, if the company can
achieve much higher sales when the mid-drive is chosen, and this compensates the extra
development costs, the mid-drive would be the best option. If the sales of a mid-drive do
not outweigh the extra development cost, the hub-drive would be the best option.

Chapter 6

Robustness of the set of
non-dominated solutions
In the previous chapter, a set of non-dominated solutions was obtained for the bicycle case.
These solutions are used in the analysis of Pareto fronts and the identification of product
families. The question however is how robust this set is. How large can the changes be
in the models that are used in the design alternative evaluation, without changing the set
of non-dominated solutions. In this chapter some variations to the models will be applied,
to study the effect on the set of non-dominated solutions and the performance of the design alternatives. First an overview of the results when changing the models will be given,
thereafter the fundamental cause of these changes will be explained and the results will be
discussed.

6.1

Effect of changes in the models on the set of non-dominated
solutions and their performance

In this section the effect on the set of non-dominated solutions and the performance of the
design alternatives on the KPPs will be described. First, the effects of a changing carbon
price on the found solutions of Chapter 5 is investigated, which is described in Section 6.1.1.
In Section 6.1.2, an example will be given of the sensitivity of the non-dominated solutions
from Chapter 5, when lowering the weight of the rear-wheel hub-drive with 0.05%.

6.1.1

Effect of a changing carbon price

The models that are used in the evaluation of the design alternatives are adjusted, such that
the material cost of a carbon frame and a carbon wheelset is increased or decreased by the
percentages in the first column in Table 6.1. The carbon price change of 0% is included,
which represents the solutions that were found in Chapter 5, and is used as reference in the
comparisons. All percentages in this section are an increase or decrease with respect to this
reference point. The second column denotes the amount of non-dominated solutions. The
third and forth columns are respectively the minimum and maximum material cost of the
solutions that contain a carbon frame, because these values will change if the carbon cost
price changes.
The changes in material cost for bicycles without a carbon frame, but with a carbon
wheelset, are not included in the table, because for almost all carbon prices, a carbon wheelset
only appears in a bicycle with a carbon frame. This can be seen from the fifth column where
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the amount of solutions without a carbon frame but with a carbon wheelset is denoted. Only
in the case of a carbon cost price increase between 50 and 100%, the number in column five
increases. The tipping point is identified at a carbon cost price increase of 53% with respect
to the reference point. In that case 16 extra solutions are added to the non-dominated
solutions with an aluminum frame and a carbon wheelset. The differences between these 16
solutions is the transmission type, drivetrain position and the brake type.
From Table 6.1, it can be seen that the minimum and maximum material cost increase
when the carbon price increases, and that the minimum and maximum material cost decrease
when the carbon price decreases. This is as expected, since the material cost are proportional
to the carbon price, when carbon is used as material in the design alternative.
Table 6.1: Effect of changing carbon price
Carbon price
change (%)

Number of
nondominated
solutions (-)

Minimum
material cost
for bicycles
with a carbon
frame (e)

Maximum
material cost
for bicycles
with a carbon
frame (e)

Number of
bicycles
without
carbon
frame, with
carbon
wheelset (-)

-100
-50
-25
-20
-15
-10
-5
0
5
10
15
20
25
50
100

16
48
56
56
60
60
64
72
72
72
72
72
72
72
88

1210
1660
1835
1870
1905
1940
1975
2010
2045
2080
2115
2150
2185
2360
2700

1330
1880
2157.50
2214
2270.50
2327
2383.50
2440
2496.50
2553
2609.50
2666
2723.50
3005
3570

0
0
0
0
0
0
0
0
0
0
0
0
0
0
16

A decreasing carbon cost price leads to a decreasing set of non-dominated solutions. The
reasons for this is that the carbon cost price becomes lower whereas the cost price of steel
and aluminum stays the same. When the cost price of carbon is reduced with 5%, 8 design
alternatives with an aluminum frame are dominated, because they are more expensive and
have a worse performance than the carbon solutions. Decreasing the cost price to -9% leads
to another reduction of four solutions. By reducing the carbon cost price more and more
solutions with a steel or aluminum frame are dominated. In case of a reduction of 50%,
only carbon solutions remain in the set of non-dominated solutions. The reduction of 100%,
means that carbon is available for free. Since bicycles with a carbon frame and wheelset are
the most sportive and light design alternatives, these solutions will dominate all the other
solutions when carbon is for free, resulting in 16 design alternatives, all containing a carbon
frame and wheelset.
In Figure 6.1, the set of non-dominated solutions when the carbon price is reduced with
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20%, is shown as an example. If solutions from the reference point are dominated due to
the carbon cost price reduction, they are colored white. The figure shows that the design
alternatives with the aluminum frames are dominated by its carbon opponent. A white and
yellow solution with an arrow in between denote two solutions that only have a different
frame material. The arrows are only shown in Figure 6.1.b, but can be drawn between the
corresponding circles in each sub-figure. For each pair of solutions with a black arrow, it
applies that the yellow solution costs less, weights less, is more sportive and has the same
development cost. Therefore for each of these pairs, the yellow solution is the dominant
solution. Note that the solutions in Figure 6.1 that also were identified in Chapter 5, have
the same color as in Figure 5.8, while the new set of non-dominated solutions is clustered
independently. There are no solutions added or removed from the identified product families.
Only their appearance within the set of non-dominated solutions is affected.

Figure 6.1: Pareto solutions, and the product families that they belong to, with the
changes(in red) with respect to Figure 5.8, by a decrease of the carbon price. (White circles
denote removed solutions due to domination)
Increasing the carbon cost price, does not affect the set of non-dominated solutions, until
it is increased by 53%. In that case 4 extra solutions are added to the set of non-dominated
solutions. This set further increases such that with an increase of 100%, there are 16 extra
non-dominated solutions with respect to the reference point. This increase of non-dominated
solutions is due to the fact that a carbon wheelset combined with an aluminum frame is also
included in the set of non-dominated solutions, because the solutions that contain carbon

46

Chapter 6. Robustness of the set of non-dominated solutions

components are shifted upwards in the Pareto grid with respect to the total material cost.
In Figure 6.2, an example is shown of a Pareto grid in which the carbon cost price is
increased by 20%. The red outlined circles denote the changes with respect to Figure 5.8.
An increase of the carbon cost price, thus only leads to an increase of total material cost for
the solutions that contain a carbon frame. There is no longer an overlap between the carbon
and aluminum product family, when looking in Figure 6.2.c. Further increasing the carbon
cost price will enlarge the gap between the presented carbon and aluminum product families,
and will eventually result in solutions that fill the gap, enlarging the set of non-dominated
solutions. This is the case for a carbon cost increase of more than 53%.

Figure 6.2: Pareto solutions, and the product families that they belong to, with the
changes(in red) with respect to Figure 5.8, by an increase of the carbon price.

6.1.2

Effect of 0.05% lower weight of the drivetrain in the rear wheel

A small decrease of 0.05% of the weight of the rear wheel hub-drive leads to 32 extra nondominated solutions with respect to the set in Figure 5.8. In Figure 6.3 eight extra circles
are present, but at each circle there are four non-dominated solutions. In this figure, the
changes with respect to Figure 5.8 are denoted by the red outlines of the circles. The already
found non-dominated solutions are not affected by the change of the weight.
In the original models, the weight of the rear wheel hub-drive and the front wheel hubdrive were both 2kg. However, the cost of a rear wheel hub-drive were higher, the development cost the same, and the sportiness lower. Therefore, a rear wheel hub-drive was always

6.2. Fundamental cause of changing set of non-dominated solutions and its performance 47

dominated by a front wheel hub-drive, if the other design choices for the individual parts of
the bicycle were the same. If the weight of the rear wheel hub-drive becomes smaller than
the weight of the front wheel hub-drive, the rear wheel hub-dive is no longer dominated by
the front wheel hub-drive.
It can be said that lowering the weight of the rear wheel hub-drive results in a local
trade-off. There is a local trade-off, if a conflict in objectives is caused by one design choice.
For example, the design choice between a rear wheel hub-drive and a front wheel hub-drive
results in a trade-off between cost and weight. However it cannot be concluded from two
design solutions that this trade-off also can be identified when the complete set of design
alternatives is considered. Therefore, distinction is made between a local and global trade-off.

Figure 6.3: Pareto solutions, and the product families that they belong to, with the
changes(in red) with respect to Figure 5.8, by a infinitely small decrease of the rear wheel
hub drive.

6.2

Fundamental cause of changing set of non-dominated solutions and its performance

In the previous section three different Pareto results are shown, based on three changes in
the models. In two of these results, the KPP values are affected, and in two of these results,
the set of non-dominated solutions is affected.
The change of KPP values is very straightforward. If a change to the models is applied
that has influence, direct or indirect, on at least one of the KPPs, the KPP values will
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change.
The change of the set of non-dominated solutions is more complicated. If one design
choice dominates another design choice, the dominated design choice does not appear in the
set of non-dominated solutions. However, if design choices do not dominate each other, they
may appear both in the set of non-dominated solutions. They do not necessarily appear,
because there is still the possibility that a combination of design choices is dominant over
another combination of design choices. It thus only can be said that, if there is no local tradeoff and thus one design choice is dominant over another design choice for the same individual
part of system, that a certain design solution does not appear in the set of non-dominated
solutions.
It can be concluded that a change in the models that leads to the fact of a dominating
design choice for an individual part of the system, will result in a smaller set of non-dominated
solutions. A change in the models that leads to a local trace-off may lead to a larger set of
non-dominated solutions, but this is not always the case.

6.3

Observations on and discussion of the robustness of nondominated solutions

In this chapter, the effects of some modifications to the models are shown. From the results it
can be concluded that the set of non-dominated solutions may change if models are changed,
sometimes even if a very small change is applied. This means that the specification of the
models may affect the set of non-dominated solutions, and therefore the set may be very
sensitive. A change in the models also may change the KPP values.
When the same analysis is done as in Section 5.3, still the same trade-offs can be identified.
In Figure 6.2, 6.1, and 6.3, the trade-offs between material cost and sportiness, and between
material cost and weight can still be identified. Also the design alternatives are allocated to
the same product families. Adding or removing solutions may affect the amount of product
families that can be identified. Therefore, the reasoning in Section 5.4 will not change that
much, since the same trade-offs and partly the same product families will be considered
during decision-making. It does not hold in general that product families do not change.
For example, if the disk brake is dominated by a v-brake due to changes in the models, from
each product family solutions will disappear.
The robustness analysis in Section 6.1.1 points out that a tipping point can be identified,
which is the point at which the set of non-dominated solutions is changing in size. From this
tipping point it can be concluded how sensitive a model is to changes. For example the set
of non-dominated solutions is much more sensitive to a decrease of carbon cost price than
an increase, which can be concluded from the respective tipping point percentages of -5%
and 53%. Models that are very sensitive, such as the model that includes the weight of the
drivetrain, need extra attention during specification, to ensure validity and accuracy of the
model.
The question, what to do when the set of non-dominated solutions is very sensitive,
remains. Suppose the set is very sensitive to small changes, but the models are accurate.
For example, the engineer knows that the drivetrain in the rear wheel hub weights 2kg with
a deviation of 0.1%. In that case the design alternatives with a rear wheel hub-drive may
are dominated, but not for certain. Therefore, the decision maker may want all the solutions
that are very close to the set of non-dominated solutions also incorporated in the analysis. As
such, it may be beneficial to take also some of the solutions into account that are dominated.
Until now in this research, the non-dominated sorting is used to return the set of non-
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dominated solutions. However, this concept is called sorting, whereas nothing is really
sorted yet. That is because non-dominated sorting is not only able to return the set of
non-dominated solutions, but also can sort the complete set of design alternatives and sort
them in different fronts, such that the Pareto front dominates all other fronts and each front
dominates all the higher level fronts. This is schematically depicted in Figure 6.4, where the
Pareto front dominates the fronts at level 1 and 2, and the front at level 2 is dominated by
the Pareto front and the front at level 1. The result of the non-dominated sorting is one or
more fronts containing all design alternatives.

Figure 6.4: Pareto front and dominated higher-level fronts, when both KPPs should be
minimized
It may be an option to include higher level fronts into the analysis in which KPP performance is investigated, and trade-offs and product families are identified. This however,
raises a new question to which level the solutions should be included. A threshold is needed
that defines which solutions, or set of solutions are close enough to the set of non-dominated
solutions, to take them into account for further analysis. The effects of this suggestion should
be investigated, and the usefulness should be proven. However, that will be left for future
research.

Chapter 7

Conclusions
This thesis presents a method to evaluate and analyze design alternatives by means of their
KPPs, to support decision-making upon these design alternatives. The method is developed
in the light of three research goals that contribute to the main objective to support decisionmaking upon design alternatives. The three research goals are defined in Chapter 1, which
are to find or develop a method
• to identify and visualize trade-offs, by analyzing performance of design alternatives on
the KPPs of the system
• to identify the influence of design decisions on the performance on the KPPs of the
system
• to identify product families to reduce the decision space and to support product variety
From the literature review in Chapter 2, it is concluded that there is a research gap between qualitative and quantitative approaches to make decisions. The qualitative approaches
are rather subjective, whereas the quantitative approaches require a high modeling effort.
The supportive quantitative decision-making method, proposed in Chapter 4, is a compromise, in which quantitative information is used, but based on simple (representative) models,
such that decisions can be based upon quantitative information, but does not involve a high
modeling effort. The proposed method therefore can be used in the early design phases, when
not all detailed information is available, but can be approximated, such that a quantitative
decision can be made. The proposed method differs from methods in literature, because it
combines trade-off analysis and product family identification, and visualizes both such that
a funded decision can be made upon design alternatives.
The supportive quantitative decision-making method, described in Chapter 4, uses the
concepts that are described in Chapter 3. The method consists of 7 steps, in which information is collected and stored into a system design graph. The system design graph is converted
into a DSM which is sequenced to identify the input parameters of the system and to obtain
a sequence in which parameters can be determined with the available information, such that
the performance of a design alternative in terms of KPPs can be determined.
All feasible design alternatives are evaluated, resulting in a set of design alternatives and
their performance on the KPPs. This set of design alternatives is analyzed in the subsequent
steps.
First non-dominated sorting is applied to reduce the set of design alternatives, such that
only non-dominated solutions are considered in the rest of the analysis. The non-dominated
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solutions are presented in a grid of Pareto fronts which enables to identify relations between
KPPs and to identify trade-offs that have to be made when a decision is made.
The non-dominated solutions also are used in a similarity analysis, to identify product
families, such that product variety can be supported. Combining the grid with Pareto
fronts, and the similarity analysis, gives insight in the relation between design decisions and
the performance of design alternatives. It also shows which market segment can be served
by producing variants within a product family for which different trade-off decisions have
been made.
The supportive quantitative decision-making method is applied to an example case, in
Chapter 5, in which decisions have to be made on which bicycle or bicycles should be produced. It is shown that the method delivers figures, visualizing the trade-offs and product
families, which can help the engineer and architect to understand the system. Design choices
are related to performance of design alternatives, Trade-offs are identified that should be
taken into account when making a decision, and product families are identified such that
multiple variants of the bicycle can be produced without changing the production process.
The grid with Pareto fronts, in which the design alternatives are divided among product families, gives insight in which market segment can be served when making a decision between
design alternatives in product families.
A robustness analysis of the set of non-dominated solutions showed that small changes
to the models that are used to determine the KPP performance, may have a large influence
on the set of non-dominated solutions and its performance. The sensitivity of the set of
non-dominated solutions can be identified by finding the tipping point at which the set of
non-dominated solutions changes in size. For the bicycle, the changes of the set of nondominated solutions do not affect the trade-offs and also were solutions always allocated to
the same product family. Due to changes, one product family completely disappeared from
the set of non-dominated solutions. This is not the case in general, it is possible that from
multiple product families part of the solutions disappear due to changes in the models.

7.1

Future work

In Chapter 4, several assumptions have been made to make the supportive quantitative
decision-making method work. Further research is needed to deal with systems that do not
meet these requirements.
The input parameters of the system have to be categorical parameters or constants in
the supportive quantitative decision-making method. However, if continuous parameters are
included in the input parameters, more research is needed to determine how to deal with
these parameters. and how to define the different design alternatives.
It is assumed that the parameter DSM is acyclic, such that all parameters can be calculated in a deterministic way, without making assumptions for information that is not yet
provided. Three suggestions are made, to deal with feedback which are: modifying the
specification to eliminate the feedback cycle, tearing the feedback mark, or estimating the
unknown parameter and redoing the calculations until the parameters in the cycle converge.
It should be investigated if the suggestions work and which suggestion gives the most trustworthy results.
The calculation time to evaluate one design alternative and the amount of alternatives in
the example are relatively small, such that the total computation time to evaluate all design
alternatives stayed within a reasonable amount of time. However, if this is not the case,
evaluating all design alternatives will be too time-consuming. Clever alternatives are needed
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to explore the decision space without evaluating all design alternatives, such that the Pareto
fronts can be approximated.
In the robustness analysis in Chapter 6, it is suggested to include solutions that are
dominated, but close to the set of non-dominated solutions, for identification of trade-offs
and product families. However, the effects should be investigated and the usefulness should
be proven.
The supportive quantitative decision-making method has proven to be useful for the
bicycle case. It should be investigated if this method also can be applied to other cases. It
also would be interesting to investigate how the final set of non-dominated solutions relates
to the multi-disciplinary KDs, because it will show which KD has to offer decision space,
such that other KDs can take advantage, resulting in a better overall performance of the
system. It would also be interesting to investigate the effect of decomposing the system into
more layers.
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Appendix A

Extensions to chapter 4
Figure A.1 shows the full graph that is obtained for the simplified bicycle case in Section
4.3. In the Figure, rectangles represent the parameters, and thus the nodes of the graph.
The models in the rounded rectangles describe the edges, which are denoted by the arrows
between the nodes.

Figure A.1: Schematic overview of the graph with nodes and edges and their properties
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Appendix B

Extensions to chapter 5
Figure B.1 shows the characteristic matrix and the similarity matrix for the full set of 72
non-dominated solutions from Chapter5. Five clusters are identified, which represent five
different product families, of which two contain steel frames, one contain an aluminum frame
and two contain carbon frames.
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solution 406
solution 568
solution 136
Steel product family 2:
solution 298
100% steel,
solution 460
100% mid-drive
solution 622
solution 730
solution 731
solution 748
solution 749
solution 892
solution 893
solution 910
Aluminum product family:
solution 911
100% aluminum,
solution 1054
100% front wheel hub-drive
solution 1055
solution 1072
solution 1073
solution 1216
solution 1217
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solution 1235
solution 1378
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solution 1380
solution 1396
solution 1397
solution 1398
solution 1540
solution 1541
solution 1542
solution 1558
solution 1559
Carbon product family 1:
solution 1560
100% carbon,
solution 1702
100% front wheel hub-drive
solution 1703
solution 1704
solution 1720
solution 1721
solution 1722
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solution 1865
solution 1866
solution 1882
solution 1883
solution 1884
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solution 1433
solution 1434
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solution 1451
solution 1452
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solution 1595
solution 1596
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solution 1613
Carbon product family 2:
solution 1614
100% carbon,
solution 1756
100% mid-drive
solution 1757
solution 1758
solution 1774
solution 1775
solution 1776
solution 1918
solution 1919
solution 1920
solution 1936
solution 1937
solution 1938
steel
frame material
aluminum
carbon
chain
transmission type
chain&guard
axle
belt
hub gear
gear type
cogset
drivetrain position front wheel hub-drive
rear wheel hub-drive
mid-drive
vbrake
brake type
rollerbrake
disc brake
bolt
wheel mounting
quick-release
thru-axle
steel
wheelset material
aluminum
carbon
Steel product family 1:
100% steel,
100% front wheel hub-drive

Figure B.1: Bicycle characteristic matrix and similarity matrix from the set of non-dominated
solutions
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