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ABSTRACT ARTICLE HISTORY
While computational approaches to perform design exploration of Received 20 March 2025
product evolvability during conceptual design exist, these are often Accepted 24 July 2025
hindered by a lack of interactive methods and down-selection crite- KEYWORDS

ria that.can reduge the number of design optlgns when eyolvablllty Computational design;
is considered. This paper presents computational techniques that evolvability; set-based
address these limitations, introducing design filtering techniques design; multi-attribute
that apply set-based design criteria for systematic down-selection tradespace exploration
of potential designs. In particular, the set-based design criteria of

interval dominance, maximality, and E-admissibility were adapted for

evolvability exploration studies. Additionally, a novel interactive fil-

tering strategy, called ‘constrain and union’, is proposed to further

narrow down the number of design options in an interactive manner.

These methods were implemented in a computational tool, AirCA-

Dia, enabling rapid and interactive evolvability design space explo-

ration. The use of these techniques is then demonstrated through

their application to the evolvability investigation of design options

for a future short-to-medium range environmentally friendly civil

transport aircraft. Maximality and E-admissibility were shown to be

particularly effective in reducing the far-future design space, which

could guide the focus of designers on particular far-future technolo-

gies. On the other hand, the constrain and union strategy showed

promise in filtering out both near- and far-future design options.

1. Introduction

To manage therisk associated with developing complex products with long lifecycles, prod-
uct designers often endeavour to ensure that their designs are ‘evolvable.’ Evolvability is the
‘extent to which a baseline design could be reused, or “easily” modified to create descen-
dantdesigns that would meet future requirements’ (van Heerden 2019). Evolvability is often
difficult to assess at the early stages of product development, as it requires careful consider-
ation of a multitude of varying scenarios related to future commercial, economic, political,
and societal events, uncertainty related to new and upcoming technologies, as well as the
potential effort and cost of making changes to the design to respond appropriately to these
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factors. Because of the importance of the conceptual design phase in determining the over-
all lifecycle cost, designers typically already consider evolvability at this phase. However, in
cases where the product development process relies heavily on computational procedures,
such as with aerospace vehicles, automotive products, and other complex engineered sys-
tems, the consideration of evolvability can add a substantial computational and design
space exploration burden to this phase, as explained next.

During evolvability studies in conceptual design, a multitude of design options are usu-
ally generated for both baselines and derivatives. Here, ‘design option’ refers to a single
design with each of its attributes fixed to a particular value. The vast design spaces that
result from an enumeration of design parameters to create these design options need to be
explored efficiently to identify the most promising options. This needs to be done for both
the ‘near-future’ entry-into-service (EIS) and ‘far-future’ EIS design spaces (the far-future
design options are those that are to evolve from the near-future designs, i.e. the second
generation of the baseline or ‘derivatives’).

To perform such design space exploration, optimisation techniques are often used. How-
ever, because of the added uncertainty associated with considering far-future scenarios, it
is often desirable to delay commitment to a single or small set of optimised designs. This
is because, when there is substantial uncertainty, a supposedly ‘optimised’ design could
quickly prove to be infeasible or less desirable as new knowledge comes forth, which could
lead to expensive and time-consuming reiterations (Riaz 2015; Riaz, Guenov, and Molina-
Cristobal 2017). Therefore, design space exploration techniques are required that could
allow for a systematic reduction in the feasible design space. ‘Systematic’, here, implies that
the feasible design space is reduced progressively, based on emerging or changing design
criteria, constraints, and/or requirements.

Furthermore, optimisation could limit the ability of a designer to explore the design
space in an ‘interactive’ manner. Interactive is defined by the Oxford Dictionary as an adjec-
tive meaning ... a two-way flow of information between [a computer/or system] and a
user..." (Oxford English Dictionary 2023). For interactivity to be effective, this exchange
of information should be fast (i.e. the response from the system to a user’s input should be
perceived by the user as ‘immediate’ Guzman, Dormido, and Berenguel 2013) and infor-
mation presented to the user should be presented in an accurate but manageable manner.
Effective visual representation of underlying data is therefore imperative. Interactive explo-
ration could potentially empower the designer to develop an improved understanding of
the nature of the design space and to test ‘what-if’ questions and scenarios. In the current
context, interactivity would allow a designer to swiftly test how changing circumstances,
design requirements, etc. could affect designs over future scenarios and, subsequently,
how evolvability could be employed to counter any negative effects associated with
these.

Systematic and interactive techniques together could be employed to complement each
other to provide a powerful means to explore the evolvability design for complex products.

‘Set-Based Design’ (SBD), where the design space is kept open for as long as possible
to increase knowledge and gradually reduce uncertainty, is one effective approach that is
often proposed to enable the type of systematic and interactive design space exploration
described above, and therefore to address some of the pitfalls of optimisation (Riaz 2015).
Set-based filtering techniques can be employed to eliminate infeasible or knowingly infe-
rior options systematically and/or interactively, rather than trying to identify an ‘optimal’
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design too early. However, the literature on how set-based design techniques could be
applied to product evolvability studies is scant.

Therefore, the aim of the work presented in this paper was to devise new and/or
adapt existing set-based design criteria to enable systematic and interactive filtering of
the evolvability design space. To achieve this aim, the set-based design criteria of inter-
val dominance, maximality, and E-admissibility were adapted for evolvability exploration
studies. Additionally, a novel interactive filtering strategy, called ‘constrain and union’, is
also proposed to further narrow down the number of design options.

This paper is organised as follows. A brief overview of previous related research is pre-
sented in Section 2. In Section 3, the techniques for evolvability exploration are introduced,
followed in Section 4 by the case study and the evaluation results. Finally, the paper is
concluded, and future work is presented in Section 5.

Note that the theoretical development of this work is based, to a large extent, on the
PhD research of the lead author (van Heerden 2019) and much of the text in Sections 2
and 3 comes from the thesis resulting from that work. However, the use case in Section
4 is a new application of the techniques, focusing on the evolvability exploration of a
future civil transport aircraft incorporating new technologies, and powered by alternative
fuels.

Also note that a shorter version of this paper has been published as part of the proceed-
ings of the 34th Congress of the International Council of the Aeronautical Sciences, held in
2024 (van Heerden et al. 2024).

2. Overview of previous related research
2.1. Evolvability design space exploration

The purpose of evolvability design space exploration is to identify evolvable designs -
designs that will perform well (i.e. be competitive and/or provide value to all the stake-
holders of the design) when entering service in the ‘near-future’ and which can then
subsequently be changed at low development cost and time to create ‘derivatives’ that
meet new requirements and be competitive/provide value when entering service in the
‘far-future’.

Many techniques to perform evolvability exploration exist (please refer to Cardin 2013
for a comprehensive overview of techniques for designing for ‘flexibility — a related concept
that includes evolvability). However, here the focus is on methods where the near-future
and the far-future timeframes are explored simultaneously in a computational setting.
Perhaps the most well-known framework for this type of exploration is ‘Multi-Attribute
Tradespace Exploration’ (MATE) combined with ‘Epoch-Era Analysis’ such as described in
(Rader, Ross, and Rhodes 2010; Ross 2006; Ross and Rhodes 2008; van Heerden 2019).
Similar techniques have been employed in (Lim 2009) and (van Heerden et al. 2022). Addi-
tionally, the use of interactive techniques has been proposed as a fundamental tool to
enable new capabilities and derive new insights from Epoch Era Analysis, in particular using
coordinated plots for the visualisation of results and interactive selection of design points
(Curry and Ross 2015).

Normally, in these cases, a pool of design options is modelled for the near-future time-
frame, and a separate pool of designs is modelled for the far-future (however, note that
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more than two timeframes in sequence can also be considered). The latter pool would usu-
ally incorporate several technologies or combinations of technologies that may or may not
become available in the far future. A metric is then applied to every near-future/far-future
pair of designs that accounts for the ‘effort’ to change (redesign) the near-future design in
the pair to the far-future design. This metric is usually expressed as the level of ‘common-
ality’ (Boas 2008) between these two designs or, if available, an indication of the cost to
perform the redesign.

Economic, political, and technology availability scenario filters are then applied to the
separate design pools to determine the cost and value of each design in multiple possible
near- and far-future scenarios. The value of the design in each scenario could be expressed
in monetary terms, some performance metric of interest, or as ‘multi-attribute utility’ (Ross
2006), which represents some scenario-dependent aggregated ‘measure of goodness’. This
is calculated based on a combination of attributes of interest for a particular design.

With the above scenario and redesign effort metrics at hand, the two EIS timeframes can
be explored simultaneously to find pairs of design options that provide high value in the
scenarios of both time frames and have high levels of commonality or low redesign cost.
High-value near-future designs that pair at high commonality or low redevelopment cost
with many high-value future designs would be considered more evolvable than those that
do not.

2.2, Set-based design

Set-Based Design (SBD) design space exploration techniques enable the systematic
removal of ‘inferior’ solutions from the design space as opposed to selecting a limited num-
ber of ‘optimal’ design solutions. The aim of this approach is to maintain design freedom
and ‘delay commitment to a particular design alternative in favour of gathering information
about the problem’ (Malak, Aughenbaugh, and Paredis 2009). The main expected benefit
of SBD is to reduce redesign rework due to early decisions proven defective at later design
stages (Kennedy, Sobek, and Kennedy 2014).

As a recent review on quantitative SBD methods points out (Dullen et al. 2021), many
SBD techniques can be employed for design space exploration. These methods include
constraint satisfaction problems, fuzzy logic, Bayesian networks, Multi-Objective Optimi-
sation and Multi-Attribute Utility-based methods, Markov Decision Processes, as well as
hybrid methods. The focus of this study was on Multi-Attribute Utility-based methods, as
they are a natural, intuitive and flexible way of selecting design alternatives (Dullen et al.
2021). Particularly, the focus was on the techniques of (Malak, Aughenbaugh, and Paredis
2009) and (Rekuc et al. 2006), which were formulated specifically to manage uncertainty
in the design process. These authors have proposed three SBD filtering criteria that work
on imprecise information: ‘interval dominance,’ ‘maximality,” and ‘E-admissibility.” Each of
these techniques is discussed separately in the subsections that follow.

2.2.1. Interval dominance

Interval dominance (Malak, Aughenbaugh, and Paredis 2009) is the simplest criterion of
the three. It applies when imprecision in design inputs is modelled as an interval, which in
return results in an interval for the output measure of goodness (i.e. utility, performance,
or value to stakeholders). For two design options, if their measure of goodness intervals do
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Figure 2. Variation of expected utility across the range of an uncertain parameter — adapted from
(Malak, Aughenbaugh, and Paredis 2009).

not overlap, it means that the design with the lower (inferior) measure interval is always
dominated and can therefore be discarded. This is illustrated graphically in Figure 1.

2.2.2. Maximality
The ‘maximality’ criterion, originally introduced by (Walley 1990), states that if an option is
worse than another for all the possible values for the uncertain inputs, then such an option
is dominated and can be eliminated. This principle is illustrated in Figure 2, which shows
that, over the range of the uncertain input quantity, design option A dominates option B,
and C dominates D. B and D can therefore be eliminated.

Formally, this criterion can be expressed as (Malak, Aughenbaugh, and Paredis 2009):

min E{U(A,y) — UB,y)l > 0= A - B
ye

Inthe above equation, y is a k-dimensional vector that contains the values of k uncertainties;
Y represents a set that contains all k-dimensional vectors that are within the domain of
imprecision (Malak, Aughenbaugh, and Paredis 2009). The relationship is therefore that if
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the minimum difference between the utility of A and B over the entire imprecise region is
positive, then A would be preferred to B (Malak, Aughenbaugh, and Paredis 2009).

Maximality is ‘stricter’ than interval dominance, which means that it could eliminate at
least as many alternatives as (and typically more than) interval dominance (Malak, Augh-
enbaugh, and Paredis 2009). A ‘stricter’ measure might be preferred in contexts where less
‘strict’ measures fail to sufficiently reduce the design space. How much it is desirable to
reduce a design space is specific to a particular design project and is influenced by fac-
tors such as the designers’ intent and the available resources for later design phases. For
instance, if resources are scarce and only a few designs can be analysed in later phases,
stricter measures can help reduce the design space. Conversely, if resources are more abun-
dant, less strict measures — which do not excessively reduce the design space — may be
preferable.

2.2.3. E-admissibility

E-admissibility, which was originally discussed by (Levi 1974), covers an even stricter sce-
nario. For a design option in this scenario, it is ascertained whether for every point across
the input uncertain quantity, there is at least one better option. This is demonstrated in
Figure 2. Although Design Option E is not dominated by any other single design over the
range of the uncertain input quantity, there is always a design that performs better than it.
Therefore, option E can be eliminated from the set. Caution should, however, be applied
in this case. This is because, as is evident from Figure 2, design E could be seen as a robust
solution as it will perform reasonably well over the entire range of the uncertain input. This
would not be a problem if the designer could still choose between options A and C after
the uncertainty is resolved (Rekuc et al. 2006).

2.2.4. Application to evolvability

The above techniques cannot be used as-is for evolvability design space exploration. This
is because they do not account for the multiple periods, predicted development cost, and
redesign effort typically considered in evolvability studies. This lack of SBD techniques for
evolvability is consistent with the result presented in the review paper by (Shallcross et al.
2020), who identified a lack of comprehensive SBD methodologies as they tend to focus
narrowly on a particular SBD aspect. The extension of theses SBD techniques to be used for
studying evolvability is discussed in the next section.

3. Proposed set-based design techniques for evolvability exploration

In this section, it is shown how the SBD design techniques described in Section 2.2 can be
applied to evolvability design space exploration. The format of the input sets is described
first, after which the discussion will turn to the SBD decision-making criteria. The input is
described in terms of timeframes, as well as scenarios and design options in each timeframe.
A scenario corresponds to ‘a period of time for which the system has fixed context and fixed
value expectations’ and is characterised by ‘static constraints, available design concepts,
available technology, and articulated attributes’ (Ross and Rhodes 2008, 5). Note that this
conceptis equivalent to the epoch conceptin ‘Epoch-Era Analysis’ (Rader, Ross, and Rhodes
2010; Ross 2006; Ross and Rhodes 2008). Utility and cost metrics are calculated for each
design-scenario pair, and redesign costs relate designs across timeframes.
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Only two (consecutive) ‘entry-into-service’ (EIS) timeframes are considered - the ‘near-
future’ (EIS1) and ‘far-future’ (EIS2) timeframes. Only one scenario is considered for EIS1
(s1,1), whereas multiple scenarios are considered for EIS2 (s3,1,52,2; - - ., S2,n,,), Which can be
collectively referred to as the set S; = {s21,52,2,...,52,n,}. The near-future scenario usu-
ally considers technology that is already available or that is expected to become available
soon, and an economic and political situation similar to the one at the time of the study.
Far future scenarios can be used to explore the impact of novel technologies and changing
economic and political situations that affect which design attributes are desirable. E.g. a far
future scenario might consider that liquid hydrogen aircraft are available, and another one
might consider that it is not available, or only partially available, for example, considering
limited hydrogen production. Additionally, some scenarios might give more importance
to reducing emissions, while others might also consider other attributes such as noise and
comfort.

Given a design option a and scenario s, a function u(a, s) can be specified that calculates
utility (or other measure of goodness) with measures for the stakeholder preferences, social,
political, and economic circumstances in s, as well as the attributes of the design option, a,
asinputs. If a set of scenarios Sis given as an input, an array of utilities (one for each scenario
s € S)isreturned instead of a single value. The development cost for the design option can
be calculated similarly by a function called c(a), which assumes that cost is independent of
the scenario (an assumption that will need to be relaxed in future work). Given a baseline
b; (design option for the near-future EIS1) and a descendant f; (design option for the far-
future EIS2), the ‘redesign effort’ of changing the baseline into the specific descendant is
computed from some function r(b;, f;). Similarly to the function v, if a set of baselines B; or
a set of derivatives F; is given as input to r, an array of redesign values is returned instead.
The array contains one value for each of the baselines b; € B; or derivatives f; € F;.

Note that for this first attempt at devising these techniques, it was assumed that the
attributes of a specific design option that map to its utility, as well as its development cost
and redesign effort values with respect to other designs, are deterministic (i.e. not uncer-
tain). Therefore, the uncertainty accounted for here is only that arising from the changing
scenarios and not endogenous uncertainty associated with the design itself.

3.1. Elimination criteria

In this section, it is shown how the three SBD elimination criteria of interval dominance,
maximality, and E-admissibility were adapted for evolvability design space exploration.
These could be applied sequentially, as shown in Figure 3, to eliminate infeasible or inferior
design options systematically. However, the order shown is not prescriptive, but when fol-
lowing it, the criteria will be increasingly ‘strict’ and use progressively more computational
resources. It would therefore enable a systematic exploration of the evolvability design
space.

3.1.1. Interval dominance

With the interval dominance criterion, it is determined whether a near-future (baseline)
design option, b;, is dominated by at least one other near-future design, b;, in terms of utility
(i.e. design option j has higher utility than i), development cost (design option j has a lower
cost than i), and redesign effort (i.e. the minimum value of redesign effort between j and
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Reduced set of design options

Figure 3. Evolvability SBD elimination criteria (van Heerden 2019).

all the descendant options is higher than the maximum value of redesign effort between j
and all the descendant options). The same is done for the far future.

Formally, interval dominance applied to near-future design options can be stated as
follows:

bi € B,3bj € B[Curility,«J A Ceosti; N Credesign,»,j] = remove b; from B (1)

where
Cutility;; o u(bi, s1,1) < u(bj,s1,1)
Ceostjj &f c(bj) > c(b))
Credesign;; & r(bi,F) > r(b;, F)

For the far-future options, where there are multiple scenarios, interval dominance can
be expressed as:

fieF,3feF [cur,,,tyu A Ceost;j A c,edesigniJ] = remove f; from F (2)
where
Cutity, = max(u(f, $2)) < min(u(;, 52))
Ccost;; () > cf)

def .
Credesign;; = min(r(8,f;)) > max(r(8,f))
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When considering development cost in the far-future form of interval dominance (for all the
criteria presented in this chapter), care must be taken. The reason for this is that the redesign
effort could already include the full development cost, which might not be desirable if the
option of creating the far-future designs as clean-sheet designs is not considered.

A stricter form of the interval dominance criterion (i.e. likely to eliminate more designs)
would be to ascertain whether any one or two of the three inequalities in Equations 1 and
2 are equalities instead. This is equivalent to using non-strict inequality, where the sign >
becomes >, and the sign < becomes <. This would mean that, for example, a design might
have the same utility and cost as another but is still dominated by the redesign interval and
could therefore be eliminated. Both forms are considered for all the criteria in this research.
The number of additional designs eliminated by using non-strict inequality depends on the
shape of the input data, and therefore, the choice of which inequality to employ is at the
designer’s discretion.

The application of interval dominance to evolvability is graphically demonstrated in
Figure 4. When interval dominance is applied to the near-future timeframe, design option
b3 will be eliminated, as it is dominated by by with respect to both utility and cost, as well
as the whole interval of redesign effort (which in this case represents the uncertain output).
In the far-future timeframe, f3 can be eliminated because f; has superior utility in all future
scenarios, lower cost, and a lower redesign effort over the whole interval from all baselines.

3.1.2. Maximality
The maximality criterion is similar to interval dominance regarding utility and cost, but more
stringent regarding redesign effort (and utility for the far-future). In this case, it suffices that
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the redesign effort with b; as baseline is lower than the effort with b; for each separate
descendant, instead of considering the minimum/maximum values between all the descen-
dants. The same holds for the far future in terms of utility and redesign effort. Maximality
can formally be expressed for near-future design options as:

bi € B,3b; € B[Cuﬁ[ityiJ A Ceosti; N c,edes,-gnI,J] = remove b; from B (3)
where

def
Cutility;; = U(bi,$1,1) < u(bj,51,1)
def
Ceostjj = c(bi) > (b))

Credesign;; L vf, e Flr(bi, ) > r(bj, fo)l
For the far-future options, the following form should be employed:
fieF,3feF [Curility,«J A Ceosti; N Credesign,;j] = remove f; from F (4)
where

def
Cutility; = Vs; € Slu(fi,s2) < u(fy, )]
def
Ccost;j = c(fy) > C(G)

def
Credesign,, = Wbk € BIr(by, fi) > r(by, 1)l

Similar to interval dominance, allowing two of the three inequalities in the above state-
ments to be equalities will lead to stricter forms of the criteria.

The concept of maximality applied to evolvability is illustrated using Figure 5. In this
figure in the near-future timeframe, by dominates b3 in terms of utility and cost, but the
maximum value for redesign effort to all possible descendants is not lower than the min-
imum redesign effort for bs. Interval dominance will therefore not work here. However,
when considering each far-future option separately, the redesign effort from b1 would still
be less for each far-future option than from bs. Based on this, the maximality criterion
will remove bs. In the case of the far-future timeframe, it can be seen from Figure 5 that,
although thereis no interval dominance, f; has a better utility than f; for each individual far-
future scenario, lower cost (always), and lower redesign effort from each separate baseline
option. It can therefore be eliminated based on maximality.

3.1.3. E-admissibility

E-admissibility assesses whether, for each possible option, there is at least one other option
in each scenario that has higher utility, lower cost, and lower redesign effort. This criterion
would not always be appropriate for baseline designs due to the uncertainty regarding
which designs will subsequently be preferred in the far future. However, E-admissibility
would be useful for filtering out far-future concepts. It is important to note that a future
design option, f;, is dominated as long as there is another future design that meets the
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(van Heerden 2019).

stated condition, fj5, for each scenario s. This is unlike interval dominance and maximal-
ity, which require that a single future design, f;, meets the condition for all scenarios
simultaneously. E-admissibility can be expressed mathematically as follows:

fieF,Vs; €5; (Elf, € F[CUtilityi,j,s A Ceostijs N c,edes,'g,,w’s]) = remove f; from F (5)

where
Cutility; 5 L uhys2) < ufiy52)
Ceostys = () > <(F)
Credesign;y, = Vbi € Blr(by, ) > r(by, )]

A graphical illustration of E-admissibility for evolvability is shown in Figure 6. As can be
seen for both the far-future cases, far-future option f3 can be eliminated because, for every
far-future scenario and baseline combination, there would be at least one alternative design
that has higher utility, lower cost, and lower redesign effort than it.

3.2. Constrain and union strategy

The constrain and union is not a filtering criterion, but rather a systematic two-step pro-
cedure that could be employed to (further) filter out less desirable design options, based
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Figure 6. E-admissibility applied to the far-future (van Heerden 2019).

on the designer’s preferences. It is expected to be particularly useful for interactive evolv-
ability exploration, as it would, if implemented into a suitable software application, enable
real-time evolvability-related inputs from the user, with a correspondingly swift response.

Intuitively, the ‘constraint’ phase reduces a scenario tradespace by only considering
options within a user-specified ‘distance’ from the Pareto front. One technique for doing
this is to calculate the ‘Fuzzy-Pareto’ set as described in (Fitzgerald and Ross 2012). A mini-
mum utility and maximum allowable redesign effort to the far-future options could also be
specified for each future scenario. The union phase consists of the set union of the feasible
designs in each scenario. In other words, as long as a design is a feasible option for one of
the future scenarios, it should not be discarded.

This procedure is illustrated in Figure 7, which shows the unfiltered evolvability design
space on the top left, the design space during the two steps of the procedure in the top right
and bottom left of the figure, and the same design space after further filtering in the bottom
right. The latter is included to better illustrate the type of result that can be obtained. Note
that in this design space, the top-left plot represents the utility and cost for the near-future
options, the top-right plot shows the utility of far-future design options for different far-
future scenarios (each dot is a far-future option), and the bottom-centre plot maps redesign
effort from near-future options to far-future options (i.e. each dot represents a near-future
option).

In Step 1, a fuzzy-pareto front is specified for the near future, which eliminates sev-
eral near-future design options from consideration (the filtered-out designs are depicted
in grey in Figure 7). In Step 2, the user selects a minimum utility and maximum redesign
effort threshold for each far-future scenario, as depicted by the green constraint lines. The
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Figure 7. The constrain and union procedure (van Heerden 2019).

far-future designs that did not meet these requirements are now also filtered out and shown
in grey.

The design space at the bottom right of Figure 7 is an example, included to further clarify
the process. Here, instead of a fuzzy-pareto front, only two near-future options (represented
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by the red and blue dots) are selected. All the other near-future options are eliminated.
This can be seen in both the utility-cost and redesign plots by the greyed-out options.
Far-future scenario-dependent utility and redesign effort constraints are also applied, as
shown by the green constraint lines. This has the following effects: f; exceeds the utility
requirement for scenario s, ; and there is one available baseline option from which it could
be developed for less than the specified maximum redesign effort. It should therefore be
retained as a feasible design for scenario s;,. Option f, only meets the utility constraint
for one scenario (s3,3) but not the corresponding redesign effort. There are also no other
scenarios in where it meets the constraints, so it can be filtered out. Option f3 can also
be eliminated, as it does not meet the utility constraint for any scenario. Finally, f4 meets
the utility constraints for all the far-future scenarios and meets the redesign effort con-
straint for one remaining feasible baseline in scenario s;,1, so it should be retained for this
scenario.

Note that this procedure may lead to no feasible designs remaining for a particular sce-
nario(s), in which case some of the constraints could be relaxed or the design space further
populated.

3.3. Using results from previous stages

The presented techniques are applied in sequence, but using the same input data, which
contains all the baselines and derivatives used to populate the unfiltered design space.
However, the filtered sets of baselines and derivatives from an earlier stage can be used as
input for the later stages. E.g. after the application of constrain and union, only a reduced set
of baselines B’ and a reduced set of derivatives F’ remain. If this data is used as input to the
SBD elimination algorithms, a different, more detailed result can be obtained. The reduced
set could also consider other constraints or elimination criteria before applying the design
techniques presented in this manuscript.

Considering the result from previous stages can result in more or fewer designs being
eliminated depending on the characteristics of the design space. For instance, in the case
of a baseline b being eliminated due to a baseline b, having more utility, lower cost and
being more evolvable, if b, is eliminated in a previous stage, then by will cease to be elimi-
nated. On the contrary, other cases result in more designs being discarded. For example, if
derivative f is surviving only because it can be easily evolved to from baseline b3 and such
abaseline is filtered out at a previous stage, then there would be no reason to keep f; and it
could be eliminated. It must be noted that the first case, which results in less design being
discarded, is less likely to happen as all the techniques presented here favour points closer
to the pareto front. Therefore, the points that might benefit from considering previously
discarded points are also more likely to have been discarded themselves. However, if the
discarded design were determined by constraints that are not so correlated with the dis-
tance to the pareto front, the situation where points cease to be discarded would be more
likely to occur.

4. Application case study

A demonstration case study was developed to test the techniques and demonstrate how
they could be used in evolvability exploration during conceptual design. A design study for
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Table 1. Technology options.

Near & Far Future Far Future Only
Energy Source  Kerosene, SAF LH2
Empennage Conventional, T-Tail -
Wing Low Wing, High Wing -
Fuel Tank Wing Tank Caudal Tank, Belly Fairing Tank, Dorsal Tank
Engine Tail-Mounted Turbofan, Wing-Mounted Turbofan, Wing-Mounted Open Rotor

Tail-Mounted Open Rotor

Wing Mounted Engine Tail Mounted Engine
Low Wing High Wing Low Wing High Wing
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Figure 8. Configuration-technology combinations (CTCs) for the case study.

a new single-aisle, environmentally friendly passenger airliner was created. The near-future
entry-into-service (EIS) is assumed to occur in 2035, and the far-future EIS is scheduled for
2045. Both EIS design spaces were populated with potential design options upon which the
set-based design techniques were applied.

The technology options displayed in Table 1 were used to generate the configuration-
technology combinations (CTCs) depicted in Figure 8, by selecting all possible combina-
tions (one element from each row). The following three constraints were applied to limit
the number of combinations: 1) conventional empennage cannot be selected together
with tail-mounted engines, as the geometries of both components would clash; 2) hydro-
gen is not stored in wing tanks, since it would not be possible to store enough LH2 in
the wings; and 3) wing geometry and high wings are not compatible with dorsal LH2
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Table 2. Full factorial factor values.

Factor Values
Number of passengers [-] 150, 170, 190
Design range [nm] 1500, 2000, 2500

tanks, as the wing carry-through structure would interfere with the tank. The coloured
shapes in Figure 8 identify the corresponding CTCs in the utility-cost MATE (Multi-Attribute
Tradespace Exploration) plots presented in this section. The resulting CTCs were used in
combination with full-factorial sampling, where both the number of passengers and the
design range were varied according to the values described in Table 2. There is a total of
nine distinct combinations for range and number of passengers, so there are nine aircraft
per configuration.

For the 2035 EIS, a total of eight kerosene configurations are considered: four with wing-
mounted turbofan, two with tail-mounted turbofan and two with tail-mounted open rotor.
For the 2045 EIS, tail-mounted open rotors are assumed to be available, as well as liquid
hydrogen - which can be stored in caudal, belly fairing and dorsal tanks. All available tech-
nologies at the far-future EIS timeframe yield a total of 42 CTCs: 14 with wing-mounted
turbofan, 14 with wing-mounted open rotor, seven with tail-mounted turbofan and seven
with tail-mounted open rotor.

A single scenario is considered for 2035, where a percentage of 25% SAF is considered,
and fuel prices are similar to the current ones. To account for the uncertainty in the far-
future EIS, three main possible scenarios are considered for 2045. These scenarios differ in
how expensive kerosene, SAF and LH2 are relative to each other. A mixture of 50% SAF
is considered in all three future scenarios. The values for the fuel prices are presented in
Table 3. The near future fuel prices and the SAF percentages draw inspiration from (IATA
2024) and (EASA 2024) respectively. The first scenario (Ell) features relatively inexpensive
SAF and LH2. The second scenario (EIE) is more pessimistic regarding the availability of
hydrogen, which as a result becomes more expensive. The third scenario (E3) is the most
pessimistic as SAF prices are also considered to be high.

4.1. Modelling and software implementation

To use MATE plots in conjunction with the presented SBD filtering techniques, it is necessary
to calculate the cost and utility values for each design in the 2035 and 2045 timeframes and
for each scenario, as well as the redesign effort for each pair of near and far-future EIS air-
craft. Cost is calculated as the RDT&E cost by using the weight outputs from FLOPS (Langley

Table 3. Scenario-dependent values.

Kerosene
Price SAF Price LH2 Price
Scenario EIS  SAF% [USD/kg] [USD/kg] [USD/kg]
Current Near Future 2035 25 1.00 2.40 -
Expensive Kerosene Inexpensive SAF Inexpensive LH2 (Ell) 2045 50 4.00 3.60 8.00
Expensive Kerosene Inexpensive SAF Expensive LH2 (EIE) 2045 50 4.00 3.60 16.00

Expensive Kerosene Expensive SAF Expensive LH2 (E3) 2045 50 4.00 7.20 16.00
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Research Center 2019) combined with the cost model by (Markish 2002) and the correc-
tions used in (van Heerden et al. 2022). Fuel cost per passenger per kilometre is used as
a substitute for utility (note that this implies that the inequality signs in the SBD filtering
techniques formulation need to be reversed). The required fuel amount is obtained from
FLOPS, and the fuel cost is determined by fuel prices under each scenario. The similarity
techniques from (van Heerden 2019) were applied to obtain the potential cost reduction
and redesign effort due to commonality. These techniques provide values for mass com-
monality for major aircraft components, and the potential cost savings are also estimated
using the same cost model as used for individual designs. Each of the techniques presented
in this paper was implemented in AirCADia Vision (Guenov et al. 2014) - an in-house soft-
ware tool for data visualisation — and applied sequentially to the resulting design space.
One of the main reasons for the selection of AirCADia Vision for this purpose was because
of its interactive design space exploration features, such as efficient interactive visualisa-
tion algorithms and the provision of several powerful means to present data (Guenov et al.
2014). AirCADia Vision provides a graphical user interface that allows designers to choose
which filtering techniques to apply and set values for the constraints in the constrain and
union stage. This is achieved by checking or unchecking checkboxes and by filling con-
straint values in a table. Additionally, when the plot points representing the designs are
hovered over by the mouse pointer, the software displays their id - so the user can obtain
more information about the design, such as the corresponding configuration or parameter
values — and the results from any of the applied filtering techniques - indicating the reason
the design was filtered out.

FLOPS does not feature LH2 aircraft modelling capabilities, therefore, it had to be
extended to be able to study the LH2 aircraft in this study. The engine deck fuel flow values
were reduced proportionally to the energy per mass ratio between LH2 and kerosene. This
resultsin alower fuel flow, which is consistent with the higher amount of energy per mass of
LH2. Additionally, the fuselage geometry was enlarged to contain the hydrogen tanks, and
the additional tank weight was also considered. Tanks are assumed to be elliptical cylinders,
with a maximum available volume of

V=77,'——It
2 2

where wy, hy and I; are the width, height, and length of the tank, respectively. Only a fraction
of the volume can be used to contain LH2, which is modelled via a volumetric efficiency
fvol = VLH,/V.Finally, the maximum mass of hydrogen that the tank can contain is obtained
from Wi, = pin,Vin,, where ppy, is the density of liquid hydrogen. A Newton solver is used
to obtain the tank geometry that can hold as much fuel as required by FLOPS. One of the
tank dimensions (I; in the case of caudal tanks and w; otherwise) is varied while the others
are kept fixed until the results converge. It must be noted that FLOPS needs to be run for
each dimension guess, as changing the tank dimension changes the fuselage dimensions
and fuel system weights, which impact the amount of fuel needed.

The mass distributions for wings and fuselages and the geometries of major aircraft
components are required to run the similarity techniques from (van Heerden 2019). The
geometries and mass distributions from (van Heerden 2019) were reused, scaling them to
match the desired dimensions and weights determined by FLOPS.
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4.2. Discussion of results

4.2.1. Unfiltered design space
Figure 9 shows the resulting design space before applying any filtering technique. The
shape and colour of the points provide information about the CTC to which the point
belongs, as displayed in Figure 8. In all MATE plots in this section, the RDT&E cost (x-axis) is
expressed in billions of US dollars (10° USD) and the fuel cost per passenger per kilometre
is expressed in dollar cents (102 USD). Scenario ‘Current Near Future’ features a total of
72 aircraft (8 CTCs with 9 aircraft per CTC); far future scenarios have 378 aircraft (42 CTCs
with 9 aircraft per CTC). The results show that the cost of hydrogen-powered aircraft is
around 5% to 20% higher than the cost of kerosene aircraft under the assumptions used
for these specific configurations and models employed in this research. The fuel cost varies
depending on the scenario, being more expensive in the future as fuel prices are assumed
to increase. When LH2 is assumed to be inexpensive (Ell), LH2 aircraft show the lowest fuel
cost as opposed to when SAF is inexpensive but LH2 is not (EIE), which results in kerosene
aircraft performing better in terms of cost. In the most pessimistic scenario (E3), the fuel
costs are of similar magnitude.

The next few subsections cover how the evolvability design space was systematically
reduced using the developed set-based criteria. Unless explicitly stated, the strict inequality
versions of the filtering techniques are employed.
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Figure 9. Evolvability design space resulting from the use case. Data point marker colours and shapes
follow the conventions in Figure 8.
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4.2.2. Design space after interval dominance

The application of interval dominance does not result in the elimination of any future
designs. This is because this dominance criterion is the most difficult to meet, as it requires
the lowest fuel cost of an aircraft in any scenario to be higher than the highest fuel cost
of another in any scenario to be dominated. As Figure 10 shows, this condition cannot
be met as the aircraft with the maximum fuel cost (kerosene diamond in scenario E3) is
still better in scenario EIE than the aircraft with the lowest fuel cost in E3 (LH2 belly fairing
circle).

4.2.3. Design space after maximality

As depicted in Figure 10, the application of the stricter criterion of maximality allowed
the removal of 88 (roughly a quarter) of the far-future designs. The removed aircraft are
depicted in grey. Since the aircraft relative positions within kerosene and LH2 aircraft
groups are similar across future scenarios, a great proportion of the aircraft with higher
cost and fuel cost is dominated by others with respect to these magnitudes. However, the
designs that are easier to evolve to (lower redesign effort) cannot be discarded according
to the maximality criterion. This fact explains why a larger portion of LH2 aircraft has been
discarded, as these aircraft are usually larger than the kerosene-based near future designs,
and even when similar in size, fuselages with fuel tanks are considered to be less common
than a fuselage with the same geometry and no tanks.
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Figure 10. Result from the application of interval dominance and maximality.
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Table 4. Constraint values.

Scenario Maximum Fuel Cost [10—2 USD] Maximum Redesign Effort [109 USD]
Ell 55 8.2
EIE 8.0 8.2
E3 10.0 7.6

4.2.4. Design space after E-admissibility

Although the fuel requirements imposed by the E-admissibility criterion are less stringent
than the previous criteria, the application of E-admissibility did not result in the elimination
of any additional design. Regarding far-future designs, as in the case of maximality, it was
easy to find aircraft dominated in terms of fuel cost, but it was difficult to find designs that
were dominated in terms of redesign cost. Similarly, no near-future options have been dis-
carded as there is always a kerosene option which is easy to evolve to (the same design is
used for near and far-future EIS). Consequently, the results from E-admissibility are identical
to those from maximality. However, a more detailed analysis could discard baselines that
are less evolvable to the surviving LH2 options.

4.2.5. Constrain and union

The results from the application of the constrain and union procedure, which uses the val-
ues presented in Table 4, are shown in Figure 11. These values have been chosen to try
to remove designs with high fuel costs and that are difficult to evolve to. The algorithms
supporting the constrain and union procedure (and all the previous filtering techniques)
run fast enough (under a second) to be perceived by the user as ‘immediate’ and therefore
enable interactivity. These results were achieved with an Intel® Core™ {5-2700U processor,
which is not particularly high-performing. The computational effort required to gener-
ate the initial unfiltered design space (Figure 9) is also a significant factor regarding the
applicability of the presented set-based techniques. The reader is referred to (van Heerden
2019), pp. 4-7 for a detailed comparison of the computational efficiency between SBD and
alternative approaches such as applying pre-specified modifications to a baseline.

The maximum redesign constraint for scenario E3 is even more stringent, as the aim is
to obtain more affordable aircraft since fuel prices are higher under this scenario. As can
be observed, the kerosene-based aircraft with higher fuel costs and LH2-based aircraft with
higher fuel costs have been removed. Additionally, aircraft with high costs have also been
discarded since they cannot meet the redesign effort constraint. However, it must be noted
that constraints do not result in a clear horizontal or vertical line in any of the subplots. This
is because of the union step, where meeting the constraint for one scenario is sufficient to
retain a particular aircraft. The effects of the maximum redesign effort constraint are even
more blurred, as the plots do not display this value directly, but rather the cost of the aircraft
without any reduction due to evolvability.

4.2.6. Using results from previous stages

A great number of kerosene-based derivatives do not perform well in terms of cost and
fuel cost. These designs have not been discarded yet as they are very easy to evolve to
from at least one kerosene-based baseline. However, the application of the fuzzy pareto
technique discarded the majority of baselines. If this fact is considered and the reduced
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Figure 11. Result from the application of constrain and union.

set of surviving baselines is used as input into the SBD filtering algorithms, a better result
is obtained, where more derivatives are discarded. The results are presented in Figure 12,
where it can be observed that roughly half of the remaining kerosene-based derivatives
have been filtered out as they are dominated both in terms of cost, fuel cost and evolvability
with respect to the fuzzy pareto baselines.

4.2.7. Applying non-strict inequality

As shown in Figure 13, the application of maximality using non-strict inequality allowed
the removal of 257 results (roughly three quarters) of the far-future designs. This is approx-
imately three times more than the 88 designs removed by the strict inequality version of
maximality. When using strict inequality, many designs could not be discarded because,
whereas cost and utility criteria were met, the redesign effort criterion was not. By contrast,
using non-strict inequality makes it easier to meet the criterion and leads to the elimina-
tion of 169 additional designs in this case. It should be pointed out that the redesign effort
results obtained from applying the similarity techniques from (van Heerden 2019) contain
many repeated values. For other cases, depending on the system being designed, the sce-
narios considered, and the techniques employed to obtain utility, cost, and redesign cost
values, applying non-strict inequality might not eliminate as many points.

4.2.8. Summary and compatrison of filtering strategies
Table 5 compares the impact of all filtering approaches applied to the evolvability design
space. It shows the six different strategies that were employed in this section, and the
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Figure 12. Result from considering constraint and union during SBD filtering.
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Table 5. Summary and comparison of filtering strategies.

Designs Removed

Average RDT&E Cost [10—2 USD]

Average Fuel Cost / Pax / km [109 USD]

Strategy Applied Techniques Near Future Far Future Remarks NF FF NF FF
1 Interval Dominance (strict 0 0 No designs eliminated due 8.52 9.09 2.69 8.74
inequality) to scenario variability
2 Maximality (strict 0 88 (~ 23%) Removed designs with 8.52 8.94 2.69 8.71
inequality) higher costs and higher
redesign costs (LH2)
3 E-admissibility (strict 0 88 (~ 23%) No additional designs 8.52 8.94 2.69 8.71
inequality) eliminated due to ease
of finding evolvable
baselines
4 Constrain and Union 49 (~ 68%) 219 (~ 58%) Removed near future 8.15 8.98 2,67 8.45
designs far from pareto
front. Removed low
utility and high cost far
future designs
5 Constrain and Union 49 (~ 68%) 295 (~ 78%) Eliminated near future 8.15 8.69 2.67 8.43
E-admissibility (strict designs result in more
inequality) considering far future designs
Constrain and Union removed compared to 3
and 4
6 Maximality using 0 257 (~ 68%) Many more designs with 8.52 8.71 2.69 843

(non-strict inequality)

equal redesign cost are
eliminated compared to
2
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techniques which were used for each strategy. The table also summarises how many
designs were eliminated for the near and far future timeframes. The remarks column dis-
plays the most important ideas applicable to each strategy. The last two columns give an
idea of how the average values for RDT&E and fuel costs are affected by the filtering. It can
be observed that the techniques tend to remove higher-cost and lower-utility (higher fuel
cost) designs. Consequently, the more designs are removed, the lower the average cost
values and the more ‘pareto optimal’ are the remaining sets.

5. Conclusions and future work

In this paper, set-based design computational techniques to enable systematic and interac-
tive filtering of the evolvability design space were proposed. Their application was demon-
strated by means of a use case involving exploring the evolvability of design options for a
future short-to-medium range environmentally friendly civil transport aircraft.

Specifically, it was demonstrated how the existing set-based design criteria of ‘interval
dominance,” ‘maximality,” and ‘E-admissibility’ could be extended to enable progressive
filtering of the evolvability design space. A novel set-based design strategy, ‘constrain
and union,’ was also introduced and shown to be effective in filtering out inferior design
options.

Maximality and E-admissibility were shown to be particularly effective in reducing the
far-future design space, which could guide the focus of designers on particular far-future
technologies. On the other hand, the constrain and union strategy showed promise in fil-
tering out both near- and far-future design options. Using the results from earlier filtering
stages as the input to later stages was demonstrated to be successful at refining the results.
In addition, the constrain and union strategy, asimplemented in the AirCADia Vision design
space exploration tool, enables an immediate indication of how the design space would
change across different potential future scenarios, based on different evolvability-related
inputs from the user. It therefore empowers the user to explore the evolvability of their
designs interactively.

Future work will involve extending the accounting of uncertainty to the development
cost, redesign effort, and design attributes.
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