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Abstract

In the era of rapid product update and intense competition, aesthetic design has been increas-
ingly important in various fields, as aesthetic feelings of customers largely influence their pur-
chase preferences. However, the quantification of aesthetic feeling is still a very subjective
process due to vague evaluations. The determination of form parameters according to aes-
thetics is difficult hitherto. Aesthetic measure recently arises as a prominent tool for this pur-
pose using formulas derived from aesthetic theory. But as revealed by existing studies, it needs
to be customized with deterministic and objective methods to be reliable in practice use. To
facilitate this application, this paper proposes an evolutionary form design method, integrat-
ing aesthetic dimension selection and parameter optimization. After summarizing initial aes-
thetic dimensions, aesthetic dimension selection based on expert decision-making and particle
swarm optimization (PSO) is carried out. With filtered aesthetic dimensions, design param-
eters are optimized with NSGA-II (non-dominated sorting genetic algorithm). The quality
of pareto solutions obtained to be design schemes is assessed by three criteria to conduct sen-
sitivity analysis of cross and mutation probability and population size. Our experiment using
bicycle form design shows that the proposed evolutionary form design method can generate
numerous and variant aesthetic design schemes rapidly. This is very useful for both product
redesign and innovative new product development.

Facing the developing globalization and intense market competition, companies’ survival has
greatly depended on their rapid responses to customers’ merging expectations and their pro-
ducts’ comprehensive performances, including functions, technologies aesthetics, and so on.
Designers need to analyze customer needs precisely to decompose design tasks properly
into factors and take them into account during the whole design process. Specifically, aesthetic
factor has been viewed as dramatically important in recent years. Product form not only serves
for function but also serves as an interface to users showing the product’s style, fashion, and
taste. Style is considered as aesthetic agreement between people by Burns (2006). Visual aes-
thetic is highlighted by Knight and Sass (2010) for multiple design domains. Visually aesthetic
value can be conveyed through the alignment and properties of form factors like lines, curves,
and paddings. Aesthetic elements can be extracted from product forms with computational
methods (Catalano et al., 2007). Given the fast-developing intelligent computing technologies
(Wu, 2020; Cio et al., 2021; Longo et al., 2021), aesthetics quantification is increasingly impor-
tant to enhance form design performances.

Aesthetic measure is a promising new method for aesthetics quantification in the product
form design process, especially applicative in the evolutionary design process. Aesthetic mea-
sure was proposed by Birkhoff (1933) and validated by Davis (1936) based on the understand-
ing of humans’ perceptions and the feeling mechanism of beauty. It was later applied for
webpages design (Ngo and Byrne, 1998) and screen design (Ngo et al, 2003). As it proves
to be extremely efficient and valid, it has been extended to 3D objects and utilized in many
areas like vehicles, engineering machines, and so on (Hsiao et al, 2010; Lo et al., 2015;
Deng and Wang, 2020; Zhou et al., 2020). Mayer and Landwehr (2018) proposed four mea-
sures to predict aesthetic preference based on the processing fluency theory and examined
them through user experiments. As a crossing-field of psychology, computer science, and
design methodology, aesthetic measure is recently involved with evolutionary design by
prior studies (Wannarumon et al., 2008; Mars et al., 2020) and has shown the advantages.

Existing studies confirmed that the application of aesthetic measure in product form design
requires customization for specific scenarios. For example, aesthetic dimensions for webpages
are balance, equilibrium, symmetry, sequence, cohesion, unity, proportion, simplicity, density,
regularity, economy, homogeneity, rhythm, and complexity. The users consider webpage as the
integration of frame (boundary of webpage) and objects (lines, blocks, and so on). Different
aesthetic formulas use alignment parameters of webpage as variables to calculate multidimen-
sional aesthetic values (Ngo et al., 2003; Wan et al., 2021). Another application in all-in-one
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stereos design (Lo et al., 2015) uses aesthetic dimensions such as
balance, equilibrium, symmetry, proportion, unity, and minimal-
ist. Only components and no boundary are considered in those
aesthetic formulae.

Aesthetic measure in product form design is worthy of further
researching for two main reasons. One reason is its powerfulness
in accurate aesthetic evaluation, which is used to be a very vague
and subjective task requiring intense manpower and time cost.
Rather than interviews or questionnaires, computational formulae
are used for decomposed aesthetic dimensions. Another reason is
that its computational formula makes it suitable for recent evolu-
tionary design methodologies. For example, Wannarumon et al.
(2008) combined aesthetic measure, human survey results, and
long-lasting symbols in the fitness function of their evolutionary
art form generation algorithm. Mars et al. (2020) proposed a
fuzzy evaluation method for architectural designs by adapting aes-
thetic measure and used it for the fitness function of evolutionary
algorithm. Generally, the evolutionary design algorithms generate
design schemes in the integrated automatic process instead of the
traditional stage-by-stage process. Aesthetic measure can be useful
to facilitate such design algorithms.

Currently, some challenges remain to be tackled for aesthetic
measure to be more useful and suitable for real design scenarios.
Firstly, the selection of aesthetic dimension is essential but still
relies on subjective decision-making. According to aesthetic the-
ory, many aesthetic dimensions contribute to the feeling of beauty
but with variant stimulus strength. The balance of different
dimensions is the key issue of aesthetic study. The strengths are
impacted by product characteristics, backgrounds, and so on,
and difficult to be predicted currently. Secondly, the aesthetic
measure method lacks a proper mechanism to exploit traditional
design evaluation expertise in the aesthetic quantification process.
Expert-based decision-making is a more credited way than aes-
thetic measure. Neglecting it can cause some fundamental prob-
lems. This paper focuses on above challenges. To facilitate more
reasonable aesthetic dimension selection, this paper proposes a
combined aesthetic measure integrating with expert-based
decision-making through heuristic particle swarm optimization
(PSO) algorithm. Expert decisions are employed to lead the filter-
ing of candidate aesthetic dimension formulas. Furthermore, aes-
thetic dimension formulas are introduced into evolutionary
design parameter optimization to generate form design schemes.
This evolutionary form design method consisting of PSO-based
aesthetic dimension selection and multiple object optimization
(MOO)-based design scheme generation is carried out in a bicycle
form design case. To our best knowledge, no prior study has trea-
ted above challenges at the same time. The method proposes a
new heuristic aesthetic dimension selection mechanism, which
uses design evaluation expertise and MOO for more complex
form design with more parameters than existing simple design
cases. This method aims to enhance the product design quality
by designer in engineering practice as well as the reliability of aes-
thetic evaluation results.

The rest of paper is organized as follows. The section “Related
work” reviews the literatures related to aesthetic measure, PSO
algorithm, and MOO studies. The section “Evolutionary form
design method” illustrates the proposed evolutionary product
form design method. The section “Case study” uses bicycle struc-
ture design as a case study, gives details about application process,
and discusses sensitive analysis of the proposed method. The sec-
tion “Conclusions” concludes this paper with advantages, weak-
nesses, and further expectations.
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As a crossing-field of multiple disciplines, aesthetic measure has
been applied in many areas like psychology, arts, and neuroscience
(Liu, 2003; Hartmann et al, 2008; Rigau et al., 2008; Perlovsky,
2010). Generally, a visual scene is seen as stimulus, from which
scheme is progressively extracted. It is then perceived as the integra-
tion of visual components with key properties. Human eyes are sen-
sitive to some of them, and through further mechanisms, high-level
visual perceptions and sense of beauty are generated. Scientists
accordingly summarize formula to directly catch the key properties
of the target’s visual alignment to calculate the aesthetic value.
Aesthetic measure was first proposed by Birkhoff (1933). It was
further evaluated and tested effectively by Davis (1936). From
then on, aesthetic measure has attracted research interests from
many areas. Lo et al. (2015) introduced it into all-in-one stereos
form design. Wu and Li (2019) adopted aesthetic measure in inter-
face design inspirations.

As a computational way of aesthetic product form evaluation,
aesthetic measure is one of the common approaches addressing
the subjectivity and uncertainty of user judgement. Pairwise
form design selection is an intuitive way to derive user preference,
and prior study further used an interactive genetic algorithm
(GA) to learn user preference (Kelly et al, 2011a). Similarly,
Ren and Papalambros (2012) viewed the preference elicitation
in iterative query schemes as optimization problem and analyzed
the query types and algorithms. Ren et al. (2014) further proposed
a query algorithm to select proper query scheme. Another way of
using user preference in product form is to analyze relations
between coarse- and fine-grained geometric features according
to users’ evoked emotions (Orbay et al., 2014). As aesthetic mea-
sure relies on the prior knowledge of relations between evoked
aesthetic feeling and product form, it is very convenient without
requiring user experiment in practice and wins in convenience.

Aesthetic dimension formulae are based on mathematic form
representation and description. Geometric parameterization by
experts is a widely used method (Lo, 2018; Zhou et al., 2020).
Shape grammar is another method which requires higher level
of domain expertise (Orsborn et al, 2006), given some prior
work on automatic extraction of shape grammar (Orsborn
et al., 2008; Orsborn and Cagan, 2009). Sketch is intuitive descrip-
tion of product forms, but its graph-based representation for
further design exploration is still complex (Fuge et al., 2012;
Orbay and Kara, 2012; Orbay et al., 2012). Generally, geometric
parameterization is more common and efficient than other
methods, and thus, it is applied with aesthetic measure in this
paper.

Generally, existing literatures on user preference elicitation or
prediction for product form design apply computational methods
including aesthetic measure to combat subjectivity and uncer-
tainty. Requiring user experiment and domain expertise in design
form representation are major disadvantages of current methods,
comparative to aesthetic measure. For current literatures that
apply aesthetic measure specifically, how to select proper aesthetic
dimensions has not been addressed. This paper proposes to
address this with evolutionary algorithm.

Feature selection is an important tool of data preprocessing before
building models. More descriptive and valuable features are
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retained to clean the dataset, which ensure that more concise and
comprehensive models are built. Feature selection is fundamental
when dealing with high-dimensional data. However, it is also
needed when features are redundant or inappropriate. For
product form design, major aesthetic dimensions are a small
group from all dimensions. In practice, some dimensions may
have little contributions to overall aesthetic assessment, or even
contradict with each other. Therefore, feature selection methods
can be adopted here for aesthetic dimension selection.

Information theory-based, sparse learning-based, and statisti-
cal methods are typical methods for feature selection (Li et al,
2018). To the best knowledge of authors, existing studies related
to feature selection have not been implemented for aesthetic
dimension selection yet. This paper proposes to adopt a feature
selection method based on the PSO method for this purpose.
The PSO-based method transforms feature selection into an opti-
mization problem by using model performances as selection fit-
ness evaluation and solves the problem with evolutionary
algorithm. This method is proven effective in many areas, such
as gene selection, disease prediction, and so on (Joloudari et al.,
2019; Almomani, 2020; Shukla et al., 2020; Song et al, 2020).
As it is easy to implement and fast to converge, it is employed
in this paper for aesthetic dimension selection.

PSO algorithm is a heuristic optimization algorithm (Kennedy
and Eberhart, 1995; Shi and Eberhart, 1998). Inspired by the
birds, the evolutionary algorithm starts from random solutions
and goes through iterations to reach final positions. Fitness evalu-
ation is also applied in PSO but different from GAs, PSO does not
include cross or mutation operations. Instead, individuals’ experi-
ences and global performances are utilized in determining the
direction of update. Typically, an individual’s update is deter-
mined by inertia, its optimum position, and global optimum posi-
tion, as shown in Eqs (1) and (2):

Vip1 = wkvy + cpxrand()*(pbest; — x;) + cpxrand()*(gbest,
— Xt), (1)

Xi+1 = Xt + v, (2)

where v, is the individual’ speed at tth iteration step, x; is its posi-
tion, pbest, is its best position up to tth iteration, gbest, is the best
position among individuals, w is the inertia weight, ¢; is the local
optimum weight, ¢, is the global optimum weight, and rand()
gives a random number between 0 and 1.

GA (GA) is a noted evolutionary bionic algorithm for optimiza-
tion. A population of individuals simulates the nature process
of chromosome reproduction by iterative crossing, mutation,
and selection. For years, various techniques have enriched GA
algorithms and enabled good adaptation to different scenarios.
Chromosome initialization can be randomized or in a certain pat-
tern. Cross operation introduces new solutions from two father
solutions and also promotes the spread of superior solutions.
High crossing probability accelerates convergence. Mutation
operation introduces new solutions by random, which ensures
the ability to jump out of local optimum for global optimum solu-
tions. Selection operation keeps those more promising chromo-
somes. The scalar fitness value traditionally used determines the
probability of being selected into next iteration.
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To solve more complex MOO problems, two types of GA var-
iants are often relied on linear weight-based ones and pareto
front-based ones. The first type methods aggregate multiple
objects by weights into a single-objective optimization problem,
such as random weight genetic algorithm (RWGA) and vector-
evaluated genetic algorithm (VEGA). The second type aims to
find pareto front solutions, such as multi-objective genetic algo-
rithm (MOGA) and non-dominated sorting genetic algorithm
(NSGA). Improved NSGA (NSGA-II) is proposed by Deb to
improve the quality of pareto front (Deb et al., 2002). After cross-
ing and mutation operations, the fast non-dominance sorting and
selection based on crowdedness are employed during each itera-
tion. The selection process embodies elite strategy with a tendency
to reach more dispersed pareto solutions. Compared with other
MOO algorithms, NSGA-II has the advantage of strong conver-
gence and high speed.

NSGA-II has been successfully applied in various areas. Aydin
uses NSGA-II to solve the dynamic demand model for product
line design for both remanufactured and new products (Aydin
et al., 2014, 2016). Koo introduces NSGA-II into a simulation—
optimization model for optimal refinery supply chain design
and operation (Koo et al., 2008). Kwong uses NSGA-II to solve
the comprehensive optimization model to integrate affective
design, engineering, and marketing for defining design specifica-
tions of new products (Kwong et al., 2016). NSGA-II is also being
applied in structural design optimization, thermal performance
optimization areas, etc. (Cao et al, 2020; Wu et al., 2022). In
the product form design area, evolutionary algorithms are widely
integrated in design synthesis (Eckert et al, 1999; Yang et al.,
2019; Zeng et al., 2020). Hsiao et al. (2010) applied GA in coffee
machine form design. Kelly et al. (2011b) focused on the balance
between form and function performances, and employed evolu-
tionary algorithm to generate optimal designs. Such balance was
also highlighted and properly handled by evolutionary algorithms
in automotive form design (Reid et al., 2010, 2012). Above studies
by Hsiao et al. (2010), Reid et al. (2010, 2012), and Kelly et al.
(2011b) prove the feasibility and value of evolutionary algorithms
in form design. However, the design scheme evaluation metrics
they use are limited, and correlations between aesthetic dimen-
sions have not been considered. This paper uses a specific dimen-
sion selection step to filter out unimportant or correlated aesthetic
dimensions and to reduce the number of evaluation metrics. Due
to the powerfulness of NSGA-IJ, it is adopted in this paper for
form design parameter optimization.

The evolutionary product form design based on aesthetics con-
sists of four sequential steps, as in following parts.

Product form design follows a principle from whole to part.
Overall structure is firstly defined. Then, more detailed parts are
being considered. In this paper, we focus on aesthetic form design
that is highly valued in overall structure design. Parameterization
starts with extracting the overall structure of design target. A com-
plex structure can be viewed as a layout composed of simple
objects. Then appropriate parameters are summarized to describe
the major geometric characteristics of the layout and objects.
These parameters should be sufficient, concise, and easy to use
for design modeling. They are supposed to describe major


https://doi.org/10.1017/S0890060422000178

characteristics of product form and as less as possible, for exam-
ple, lengths, diameters, angles of objects, and ratios of them.
Finally, bounds and constraints are defined for them. Currently,
only constraints that can be described by parametric inequations
are available. The design parameters are denoted as Y= (yy, y,...
¥p)» bounds are denoted as D = {d,, d...d,}, and constraints are
denoted as F = {f;}. Equations (3) and (4) need to be satisfied:

Vi € F, fi(Y) <0, 3

yEd,j=12 ...p. 4)

Aesthetic dimension selection is based on aesthetic measure and
expert decision-making. Several design schemes are prepared for
both methods. For each selection sequence, that is, a list of
selected aesthetic dimensions, aesthetic measure results of design
schemes are compared with expert analysis to evaluate the ration-
ality of that selection. The ones with optimal performance are
obtained as final selection solutions. The above process is solved
by the PSO algorithm, by setting selection sequences as indi-
viduals, and comparison performance as the fitness value.

A total of 11 widely used aesthetic dimensions for 3D objects are
considered, that is, balance, equilibrium, symmetry, sequence,
cohesion, proportion, simplicity, regularity, economy, homogene-
ity, and rhythm. These dimensions are proposed in early studies
by Ngo and Byrne (1998) and Ngo et al. (2003) for 2D webpages.
Some of them are extended in the later study by Lo et al. (2015)
for 3D objects. In this paper, some dimension formulas for 3D
objects are adopted, while other dimension formulas are
re-defined according to original 2D definitions of those dimen-
sions. The aesthetic dimensions involved in the proposed
approach are illustrated in the following:

(1) Balance

Balance represents the even distribution of optical weight.
Balance dimension value "BM" is computed by Eqs (5)-(7).
Specifically, balance formulae proposed by Lo et al. (2015) are
improved by using the product component with the largest area
moment of inertia to define “visual boundary”. Also, the balance
level of layout along z-axis BM, is defined as the ratio of overall
area centroid distance to area centroid distance of the product
component with the largest area moment of inertia.

BM, + BM, + BM,
3

BM=1-

; (€))

k
‘Zi:l Mzl y,,
BM,=——— ", (6)
max |my| V

My = jxi + yidv, 7)
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where m,; is the ith object’s area moment of inertia along the
z-axis, V is the sum of the area of objects, v,, is the area of the
product component with the largest area moment of inertia.

(2) Equilibrium

Equilibrium represents the uniform distribution of elements in
a target. Equilibrium dimension value "EM" is computed by Eqs
(8) and (9) according to Lo et al. (2015):

EM, + EM, + EM,
3

EM=1-

, (®)

EM, = % , 9)

where (x,, y., z.) is orthogonal coordinates of target centroid, (x;
Yies Zic) 1s orthogonal coordinates of ith object centroid, and d is
the span of objects along the x-axis.

(3) Symmetry

Symmetry represents the similarity level of objects on two
sides of an axis. Symmetry dimension value "SYM" is computed
by Eqgs (10)-(17) according to Lo et al. (2015). Specifically, verti-
cal, horizontal, and radius symmetries along the orthogonal front,
right, and top views are averaged. The symmetry level of front
view along the vertical axis SYMpy is calculated by two compar-
isons: upper right (UR) to upper left (UL) and lower right (LR) to
lower left (LL), in terms of orthogonal coordinates, height, width,
and polar coordinates.

YM YM YM YM
SYM—1— <|S V| 4 [SYMen| + [SYMeg| 4 [SYMgy |
9
+ISYMgp| + [SYMgr| + [SYMrn| + [SYM1p| + [SYM1g|
9 9
(10)
SYMpy =1 — (IY'ur — Y'url + [Y'r — Y11l
+1Z'or — Z'uLl + 12/ — Z'1u
+ |B'ur — B'uLl + |B'ir — Bl + |[H'ur — H'uil
+ |H'1r — H'11|+10'vr — O'yr| + 10'1r — 01y |
+ |[R'yr — R'url + [R'r — R'1L))/12, (11)
k]
Y= lyj—yl j=UL URLLLR, (12)
i
ki
7= lzj—z| j=UL URLLLR, (13)
i
k]
Hj=Y h; j=UL URLLIR, (14)

1
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ki
B;=) b; j=ULURLLLR, (15)
i
kv
0, =3 "% i_ UL URILILIR 6
J—Zf _]— > > > ) (1)
i — Y

ki
R = Z\/ (zij —2z)* + (s —yo)* j=UL URLL LR, (17)

where y;; and z; are the orthogonal coordinates of ith product
component in jth part, h; and b;; are the height and width of
ith product component in jth part, y. and z, are the orthogonal
coordinates of target centroid, Y}, Z;, H;, B;, ©j, and R; are pro-
cessed by max-min normalization into range [0, 1], then they
are denoted as Y}, Z,H, B}, ©, and R;.

(4) Sequence

Sequence represents the alignment that accords with human’s
habit of eye movement trained by reading. Preferred sequence of
human eyes is considered upper left, upper right, lower left, and
lower right, which is found and exploited in early studies of screen
design (Streveler and Wasserman, 1984; Galitz, 1994). The
amount of content is preferred to decrease along the sequence.
Sequence dimension value "SQN" is computed by Eqs (18)-(21)
extending the formula by Ngo et al. (2003). Sequence dimension
value along x-axis SQN, measures the similarity of content align-
ment to the preferred sequence.

SQN, + SQN, + SQN,
3

SQN =1 — , (18)

SQN, =1
4= veurl + 13 — vaurl + 12 — viar| + 11 — Vurl
8

’

19)

if w,; is the biggestin W,

if w,; is the 2rd biggest in W
if w,;is the 3rd biggestin W,
if wy; is the smallestin W,

j=UL, UR, LL, LR,

T (20)

— N W

ki
W, = {wy} = :quam—j} j= UL, UR, LL, LR, 21

where g; is a weight of quadrant to control the significance of
sequence and usually its value is set as 1, and a,;; is the area of
ith product component in the jth part along the x-axis.

(5) Cohesion

Cohesion represents the consistency of aspect ratios of the tar-
get. The more consistent they are, the more aesthetic contributed
(Lo, 2018). Cohesion dimension value "COH" is computed by Eqs
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(22)-(25) extending the formula by Ngo et al. (2003).

COH, + COH, + COH,

COH=1- 3 , (22)
k
P
COH, = Z:TI (23)
Cxi if i = 1
i =1 1 o 24
: — otherwise (24)
Cxi
hyi/ by
Cxi = % (25
hxlayout / bxlayout

where h,; is the height of ith object, b,; is the width of ith object,
Pdayout is the height span of the target, b.jayou: is the width span of
the target of the layout along the x-axis, and k is the total number
of objects.

(6) Proportion

Proportional aesthetic represents the similarity of target pro-
portions to typical preferred proportions. Some preferred propor-
tions have been discovered by scientists to be aesthetically pleasing
and are validated to be universal through a long period
(Grigoryan and Agaian, 2020; De Bartolo et al., 2021). Among
those proportions are {I:1, 1:1.414, 1:1.618, 1:1.732, 1:2}.
Proportion dimension value "PM" is computed by Eqs (26)-
(29), which are simplified expressions according to Ngo et al.
(2003).

_ PMo + PMg

PM s 26
5 (26)

2= min| po; — x|
PMo =1 — "E}; , 27)

3 koo
oM Zj:l >oic1 min | peij — x| ”
—1— .

E 3k (28)
X =1{1,1.414, 1.618, 1.732, 2} , (29)

where p,; is the overall aspect ratio along the jth orthogonal axis,
Peij is the aspect ratio of ith element along the jth orthogonal axis,
and X is a set of preferred proportions.

(7) Simplicity

Simplicity represents the aesthetic feeling of people stimulated
by compact and simple scenes (Moshagen and Thielsch, 2010),
which is often referred to as “less the better”. For 3D objects,
the number of elements with different geometric poses signifi-
cantly affects the sense of simplicity, as those elements with the
same or similar poses are easily classified as one type, or even
grouped together by human eyes. The geometric pose of 3D
object is the 3D orientation it exhibits with respect to the ground.
Two elements have different geometric poses if the difference
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between any pair of 3D orientation parameters exceeds the mini-
mum threshold. Minimum thresholds are predefined by experts
in the light of geometric features of target. Simplicity dimension
value "SMM" is computed by Eq. (30) revising the formulae by
Ngo et al. (2003).

1
SMM = ,
Mpose

(30)

where 71, is the number of elements with different poses.

(8) egularity

Regularity represents the level of conformity under certain
rules. For 3D object, geometric rules are considered. Regularity
dimension value "RM" is determined by the number of product
components being non-parallel or distinct, that is, have different
spatial orientations or shapes, as shown in Egs (31)-(33).

RMp + RM

RM = M KM (31)
2
,— 1

RMP =1- ) (32)
k,—1

RMg=1-—- T (33)

where k, is the number of product components that are non-
parallel to each other, k, is the number of product components
that are distinct from each other, and k is the total number of
product components.

(9) Economy

Economy represents the amount of resources or cost to realize
functions and convey messages to users by the product. As an aes-
thetic dimension, economy is very customized according to
product characteristics and design requirements. For 3D form
design solution that consists of solid elements, or referred to as
design scheme, this paper calculates the economy dimension
value ECO by the volume of design scheme. Economy dimension
formula, as shown in Eq. (34), is derived from Ngo et al. (2003).

v,
ECO=1-—",

max

(39)

where V; is the volume of geometric parameterized design
scheme, and V., is the largest volume for possible design
schemes. V.« is often calculated as the volume of a cube
bounded by the value range of design parameters along x axis,
y axis, and z axis.

(10) Homogeneity

Homogeneity represents the even distribution of objects in the
target. For the 3D target, eight geometric partitions are used,
namely, front upper left, front upper right, front lower left,
front lower right, back upper left, back upper right, back lower
left, and back lower right. The homogeneity dimension value
"HM" is computed by the number of objects in eight partitions,
as in Eqs (35)-(37), extending the formula proposed by Ngo
et al. (2003).

; (35)
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k!
W=—=—,j
= FUL, FUR, FLL, FLR, BUL, BUR, BLL, BLR, (36)
k!
Wmax = (37)

)
()

8
where k is the total number of objects and k; is the number of
objects with gravity center within jth partition.

(11) Rhythm

Rhythm represents that elements change in a regular pattern,
with the order of variation to excite people. Rhythm dimension
value "RHM" is computed as the average of rhythm levels of
front, right, and top views, as shown in Eq. (38), extending the
formula discussed in Ngo et al. (2003) to 3D objects. The rhythm
level of front view RHME is calculated by Eqs (39)-(43):

RHMr + RHMR + RHMrt
3 )

RHM =1 — (38)

|RHM)/| + |RHMZ| + |RHMFarea|

RHMp =1 — ,
3

(39)

RHM, = (|Y'ur — Y'ur| + [Y'ur = Y'irl 4+ [Y'or — Y1
+ 1Y ur — YRl + [Y'or = Yol + [Yir — Y'1iL)/6°
(40)

RHM; = (|Z'yL — Z'vr| + |Z'vL — Z'1r| + |Z'vL — Z'11]
+1Z'vr = ZRl +1Z'vr — Z'wl + 1 Z'1r — Z'11)) /6
(41)

RHMgqrea = (JA'rur — A'purl| + 1A pur, — A'rir| + [A'rur — A'pr
+ |A'rur — A'pir| + [A'rur — A'pi] + 1A R — A'prL])/6
(42)

’

ke
Agj =) apj j= UL UR,LL LR,

i=1

(43)

where Y]/' and ZJ/. (j=UL, UR, LL, LR) are calculated by Eqs (12)
and (13) then max-min normalized into range [0, 1], ag; is the
area of ith product component in jth partition of the front
view, kg; is the number of objects in jth partition of the front
view, and Ag; is normalized into range [0, 1] then it is denoted
as Ag;.

In practical use, some of above aesthetic dimension formulas
need customization. For example, preferred proportions should
include those that people are sensitive to according to the type
of target. Prior research on screen design (Ngo et al, 2003;
Wan et al, 2021) mostly includes the ones in Eq. (29), while
research on aesthetic plastic surgery (Bashour, 2006) highlights
golden ratio (1:1.618) and rarely considers the others. Another
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example is the selection of proper views for 3D object. Aesthetic
formulae for balance, equilibrium, symmetry, sequence, cohesion,
proportion, and rhythm are based on the orthogonal coordinate
system. They compute aesthetic values for orthogonal 2D views
by primitive formulae, then take the average as the final aesthetic
value for 3D object. Therefore, orientations of orthogonal coordi-
nate systems are essential. They should be decided via expertise to
reflect geometric features of 3D forms as well as possible, such as
setting z-axis as normal to the profile view for bicycle form
design, setting z-axis (vertical axis) along the revolution axis for
stereo form design (Lo et al., 2015). For complex cases like surface
modeling, more than three views can be aesthetically computed
individually, then averaged to be the final aesthetic value.

Above 11 aesthetic dimensions are correlated to some extent.
For example, balance and equilibrium both involve locations of
elements within an object. Compared with visual balance given
the varied weights of elements, the latter only considers the spatial
distribution of elements and thus only uses spatial coordinates.
Both cohesion and proportion involve aspect ratios of design
scheme and elements. The former is to reflect the consistency
among elements’ aspect ratios, while the latter is to reflect whether
aspect ratios are in conformity with preferred proportions. For
further research, such correlations should be considered by
experts when specifying the weights of selected dimensions.

Existing form design solutions are defined by the same parame-
terization as design schemes. The defined design schemes are
denoted as {Schemey}, j=1, 2, ...n. Selected aesthetic dimensions
are arranged in selection sequence and denoted as {s;}. Aesthetic
dimensional values are calculated by aesthetic measure formula
and denoted as V= (v;;)uxn Where v;; is the value of ith aesthetic
dimension of jth design scheme, m is the number of selected
dimensions, and #n is the number of design schemes. Aesthetic
values of design schemes are the aggregate of considered dimen-
sions, as shown in Eq. (44):

Vi
A= (@), a5 = Z;n i

(44)

The rank of design schemes by aesthetic measure is deter-
mined by Eq. (45):

R:(rj)n)rj: |{at|t #]’ ag >aj}|+1~ (45)

The rank of design schemes is also given by experts to compare
the performance of selection sequence. As multiple aesthetic
dimension scoring is difficult and subjective, overall aesthetic
assessment by experts is used. Involving more experts is beneficial
for increasing credibility. Pairwise comparison matrix is adopted
here to lower subjectivity and verify their results.

Each expert gives a pairwise comparison matrix E = (e}),
where efj is the superiority of the ith design scheme to the jth
design scheme given by the ¢-th expert. Consistency check is con-
ducted for each pairwise comparison matrix, as shown in Egs (46)
and (47). Consistency is approved if CR <0.1. Aggregated expert
decision-making is given by Eq. (46):

CI _ Amax —n

1 (46)
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CR = (47)

ﬁ )
where A,y is the maximum eigenvalue of pairwise comparison
matrix, n is the matrix dimensionality that is the same as the
number of design schemes, and RI is the average random consis-
tency indicator according to the value of n.

Do efj

E= (eij)nxn’ €ij = s

(48)

where s is the number of experts.
The rank of design schemes by expert decision-making is
determined by Eq. (49):

R = (), 1} = Hejley > 1 + 1, (49)

The principle of aesthetic dimension selection is that the rank of
design schemes by aesthetic measure should be the same as rank
by expert decision-making. By this way, aesthetic measure tech-
niques are directed by experts to catch the major characteristics
of aesthetic design.

Differences in both strategies are calculated in Eqs (50) and
(51):

>l — il

Diff = N , (50)

2i<n

N=2) (n-2i+1), (51)
i=1

where 7 is the number of design schemes, and Diff represents the
difference level between both strategies between 0 and 1. The clo-
ser to 0 means more alike both ranks are and better the selection
sequence is.

Selected aesthetic dimensions arranged in the selection sequence is
represented by an individual X = (x1, x,, ..., X,,,), where x; is between
0 and 1. The ith aesthetic dimension is included in that sequence if
x;> 0.5, while not included otherwise. Candidate aesthetic dimen-
sions are denoted as {m;}. The maximum number of iterations are
denoted as maxg,. The PSO algorithm to find the best selection
sequences is shown in Algorithm 1 (Fig. 1). Fitness calculation of
individual X is shown in Algorithm 2 (Fig. 2).

Product form design is conducted by optimizing design parame-
ters with respect to selected aesthetic dimensions. With the design
parameters defined in parameterization and aesthetic dimensions
selected as S ={s;}, the optimization problem is formulated as in
Eq. (52).

maxs;(Y),s; €S

t[ Vi € F, fi(Y) <0
s.t. )

(52)
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Algorithm 1: Aesthetic dimension selection

Inputs: {m}

Outputs: selected aesthetic dimensions {s,}

1. | Generate random initial group of selection sequences {X;}, speed vectors
.}, both having element values between 0 and |

2. | Set 1=0, {B}={X}}

3. | Calculate fitness for {X,}, {F|F = fimess(X,)}

4, | find gbest=argmin, F, fbest=min, F;

5. | while 7<max_gen

6 | foreach X, in {X}

7 | | Vi=w*V +¢*(B - X)) *rand() +c, * (gbest — X,) * rand()
8. | | X=X +V,

9 | | -calculate fitness for X,, F'= fitmess(X,)
10.| | | if F'<F then

1. 1 | set F,=F" B =X,

12.] | | endif

13.] | | if F < fbest then

4.1 | | set ghest=X,, fbest =F,

15.] | | endif

16.| | end for

17.1 | t=t+1

18. | end while

Fig. 1. Aesthetic dimension selection algorithm based 19. | Set {s,}=1{m, |gbest(f] > 0.5}
on PSO.

Algorithm 2: Fitness calculation

Inputs: individual X , {m;}, rank by expert R', design schemes {Scheme;} n

Outputs: fitness value F of X

1. | Set v; =m(Scheme;)  a, = average{v, ‘v‘}. > 0.5}

2. | Set r, =|{a'r |t# j.a, >aj}‘+l

3. | Set N=2Y""(n-2i+1)

i=1

4, | Set F=sum{|r,—r';|}/N

5. | return F

Fig. 2. Fitness calculation for the individual of aesthetic dimension selection sequence.
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Fig. 3. NSGA-II algorithm workflow.
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Above is a complex MOO problem with numerous variables and
constraints. To solve this, NSGA-II is applied with restrictive cross
and mutation operations. The workflow of NSGA-II is shown in
Figure 3. Design parameters Y = (yy, >, ..., y,) are represented by
chromosomes with continuous values. The size of population is
defined as Z. Multi-dimensional fitness of chromosome is defined
as aesthetic dimension values. During ¢-th iteration, parent popu-
lation P; goes through crossover and mutation operations to gen-
erate an offspring population Q. Then Q, and P, are merged as R,,
which further goes through a fast non-dominated sorting and
selection process to produce a new generation Py, ;. After the max-
imum number of iterations, pareto solutions of final population
are obtained as output of the algorithm.

Cross operation produces new chromosomes from two existing
ones. As shown in Eq. (53), parameters at each position of chro-
mosomes are weighted summed.

child, = axparent, + (1 — a)«*parent; ’ (53)

{ child; = axparent; + (1 — a)*parent,
where a is a random weight, parent; and parent, are father chro-
mosomes, and child, and child, are child chromosomes.
Constraints in Eq. (52) are checked after crossing. If any con-
straint is not satisfied for two children, a is again randomly gen-
erated until all constraints are satisfied.

Mutation creates new chromosomes. For a chromosome to be
mutated, each parameter y; has a probability b to be redefined
by Eqs (54) and (55).

y = d + rand(x(d, — d), (54)
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di = d; N {yIVfi € F, iy, ..
<0},

) )’j—l,)’> )’j+1, o w)’p)

(55)

where EijU is the upper bound of Eij, d: is the lower bound of ;ij,
and rand() gives a random value between 0 and 1. Constraints
in Eq. (52) are also checked after mutation, because d; can be
non-convex and leads to y; out of the feasible set. If so, mutation
is conducted again with another random value until all con-
straints are satisfied.

The dominance of a chromosome is defined as the number of its
dominated ones. If a chromosome outperforms another by all fac-
tors, it dominates the latter one. After fitness evaluation, the
merged population R, are ranked into different levels R;;, h =1,
2, ..., k by dominance.

The selection process starts from top dominance levels. Initially, |
P..1| =0. If hth level chromosomes can be accommodated, they
are selected into Py,; as in Eq. (56). Otherwise, R, is sorted by
crowdedness in descend. Crowdedness is computed as in Eq.
(57). After that, top ones in R;j, are selected into Py, as in Eq.
(58).

Py =Pt URyy, [P 4 Ryl < Z, (56)
5i(Y3) — si(Y1) .
_— ifg=1
7 5i(Yaz) — si(Y1)
5i(Yaz) — si(Yoz—1) .
Cr(Y,) = — = ifg=2Z
(¥y) 7 si(Yaz) — si(Yh) 1 . (57)
(Y1) — si(Y,_
$i(Ygi1) — si(Yg-1) otherwise
7 si(Yaz) — si(Yy)
si(Y1) <---si(Yg) <si(Yy) < si(Ygrn) -+ < si(Yaz)
Pi1 =Pt UR[L, 2, -+, Z — |Pepa ], (58)

where Y, ,; and Y,_, are the neighbors of Y, by ith aesthetic
dimension, R,j, is the merged population ranked into levels, and
Riull, 2, -+, Z—|P;;,|] are the top Z—|P,,,| chromosomes in
Rip.

Optimized design parameters are validated by designers via mod-
eling. For a certain product form, an exemplar model is built with
key parameters accordant with those defined in the section
“Parameterization”. The optimized design scheme can be
obtained rapidly by loading those parameter values into the exem-
plar CAD model. The exemplar model focuses on visualizing
optimized design to designers. Therefore, unnecessary details
are left, and distractive information are avoided. As shown in
Figure 5, modeled parts are concise to display major characteris-
tics of form design schemes. Designers visualize and compare the
pareto solutions, then select preferable ones for further
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improvements. Rapid generation of numerous design schemes
may also stimulate innovative plans.

Case study

Bicycle form design using our proposed evolutionary product
form design method is the case study in this section. The effec-
tiveness of this method is analyzed through comparative experi-
ments. Strengths and comparisons with other methods are
discussed later on.

Bicycle form design

Bicycle form is a typical case where aesthetics plays an impor-
tant role. Fashionable styling now has become a key factor to
ensure a bicycle prototype’s success in the market. Although
bicycle forms typically have common structure, consisting of
two identical wheels, bars, saddle, chains, and so on, which
ensure the basic functions with high dynamic efficiency.
However, more details like the arrangement of tubes are not
defined. The variance of structures can largely influence users’
sense of beauty and impact users’ satisfaction level. Therefore,
bicycle form design is used as case study in this paper. The
common structure is decomposed into major components to
draw appropriate parameters, as shown in Table 1. Pole type
of components that comprise the frame of bicycle is simplified
as columns, and the wheel type of components is simplified as
rings. Graphical illustration of components is shown in
Figure 4. A total of 26 geometric parameters that capture
major characteristics of bicycle form are summarized, as listed
in Table 2. Bounds for the parameters are defined by their fea-
sible ranges. Constraints include that components should not
interfere with each other, the position of saddle must be set
between two wheel-centers, paddle trace within the scope of
saddle and ground. The last two constraints guarantee mechan-
ical security and ergonomic feasibility.

There are six bicycle design schemes prepared for expert
decision-making in aesthetic dimension selection. Candidate

saddle

Fig. 4. Graphical illustration of components of bicycle form for
parameterization.

https://doi.org/10.1017/50890060422000178 Published online by Cambridge University Press

Lingyu Wang et al.

Table 1. Decomposition of bicycle form for parameterization

Pole Wheel Other
Number 10 2 1
Component Seat tube, down tube, Front Saddle

top tube, seat stay, wheel, rear

chain stay, front fork, wheel

handle bar, stem, crank,

front tube
Parameter Pose, diameter Width, Volume

diameter

aesthetic dimensions include the 11 aesthetic dimensions intro-
duced in the section “Aesthetic dimension definition”.
Evaluated values for aesthetic measure using the formula in the
section “Aesthetic dimension definition” are given in Table 3.
For expert decision-making, 12 doctorial students who major in
industrial engineering are recruited to give pairwise comparison
for six bicycles. They have solid knowledge of design theories
and experiences of product ideation projects, and are not
informed of the research content of this research paper. Their
experiences in product design area are ensured. Involving 12
experts are sufficient to ensure credibility while limiting the man-
power cost. During the decision-making process, each expert is
first given instruction on defining a positive reciprocal matrix as
the pairwise comparison matrix. After that, each expert views
the bicycle pictures displayed on PC screen in random sequence
and finally reports their confirmed pairwise comparison matrixes
E' in standard form. Rank by expert through Eqs (48) and (49) is
obtained as in the final row in Table 3.

After expert decision-making, PSO algorithm is applied. A
total of 50 trials are run with parameters in Table 4.
Experiment is implemented on a PC with Inter Core i7-7700k
42 GHz and 16 GB RAM. Among the 50 selection sequences
obtained, several selections can offer the same design scheme
rank as the rank by expert. These are considered as optimal

handle bar

stem

top tube
front tube

front fork

rear wheel front wheel


https://doi.org/10.1017/S0890060422000178

Artificial Intelligence for Engineering Design, Analysis and Manufacturing 11

Table 2. Geometric parameters of bicycle form summarized

Name Definition Name Definition
Dis_1 Distance of front wheel center and handle L_s Length of stem
L_cs Length of chain stay
Dis_2 Distance of wheel centers L_hb Length of handle bar
Dis_3 Distance of front wheel center and seat tube W_t Width of tire
D_ft Diameter of front tube
Dis_4 Distance of crank center and seat stay on seat tube D_st Diameter of seat tube
D_ss Diameter of seat stay
Dis_5 Distance of seat stay and top tube on seat tube D_tt Diameter of top tube
D_dt Diameter of down tube
Dis_6 Distance of seat stay and top tube on seat tube D_hb Diameter of handle bar
D_out Outer diameter of wheels
Dis_7 Distance of crank center and down tube on seat tube D_in Internal diameter of wheels
Al Angle of front tube and ground
L_ff Length of front fork A2 Angle of seat tube and ground
Lc Length of crank Arr Arrangement of seat stay and chain stay
L_ft Length of front tube
L_st Length of seat tube
Table 3. Evaluation of design schemes by aesthetic measure and by expert
Scheme 1 Scheme 2 Scheme 3 Scheme 4 Scheme 5 Scheme 6
1. Balance 0.942 0.8844 0.722 0.7415 0.7239 0.7675
2. Equilibrium 0.9932 0.9946 0.9959 0.9957 0.9986 0.9884
3. Symmetry 0.568 0.536 0.5573 0.5416 0.5554 0.5552
4. Sequence 0.75 0.75 0.75 0.75 1 1
5. Cohesion 0.5349 0.5806 0.5374 0.4959 0.4417 0.542
6. Proportion 0.8603 0.8281 0.8739 0.8979 0.858 0.8989
7. Simplicity 0.1111 0.1111 0.1 0.1 0.1 0.1111
8. Regularity 0.1667 0.2667 0.2667 0.1727 0.5 1
9. Economy 0.4894 0.5277 0.5277 0.6744 0.6744 0.4678
10. Homogeneity 0.1111 0.0333 0.9 2.25 0.9 0.0556
11. Rhythm 0.4438 0.4065 0.4211 0.3948 0.4594 0.3867
Rank by expert 4 2 6 3 1
Table 4. PSO algorithm parameters most representative aesthetic information to accord with the
: expert decision-making results. At the same time, the least num-
size_pop ¥ % © TERL ber of dimensions lowers the complexity of the design optimiza-
20 1 ) ) 100 tion process later on with NSGA-II. Therefore, this selection is

selections. Among them, those that occur more than four times
are listed in Table 5. Frequency denotes the occurrence times of
the selection in 50 trials. Listed numbers in a selection denote
the indexes of aesthetic dimensions according to Table 3. In
Table 5, the selection [1,5,8] contains the least number of aesthetic
dimensions. It can be concluded that this selection contains the
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determined as the aesthetic dimensions: balance, cohesion, and
regularity.

Based on selected aesthetic dimensions, NSGA-II is run for
bicycle form design optimization. The parameters are shown in
Table 6. np denotes the size of population, pc denotes the prob-
ability of cross operation, pm denotes the probability of mutation
operation at each iteration, and max_iter denotes the maximum
number of iterations. These values are defined by finetuning. A
total of 20 trials are run, and after each trial, the pareto solutions


https://doi.org/10.1017/S0890060422000178

12

Table 5. Optimal selections of highest frequencies of 50 trials by the PSO
algorithm

Frequency Aesthetic dimension selection
8 1,2,3,56,7,8

6 1,2,35,7,8,11

5 1,3,57,8,11

5 1,2,57,8

4 1,5,8

4 1,3,5,6,8

Table 6. NSGA-Il algorithm parameters

np pc pm max_iter

80 0.4 0.3 100

in the last generation are obtained as the output of the algorithm.
On average, 69.25 pareto solutions are obtained.

Obtained design parameters are loaded into a bicycle model
template created in the Unigraphics NX environment. Among
the optimized bicycle design schemes, some examples are
shown in Figure 5 with their aesthetic measure results. These
schemes clearly display the structural design, despite less impor-
tant details like chains and brakes. Designers can further verify

Lingyu Wang et al.

them aesthetically, choose a preferred one, and adopt the geome-
try for detailed design.

Method validation

The proposed evolutionary form design method is first validated
through subject rating for original and optimized form designs by
experts. A total of 10 bicycle designs are used for validation here,
including the six bicycle designs for aesthetic measure selection
and four randomly selected optimized design. They are rated by
those experts included in the pairwise comparison process as dis-
cussed in the section “Bicycle form design”. Experts give ratings
for their overall aesthetic values in the range of [1-10] after view-
ing the 10 bicycle pictures in random sequence. Their ratings are
aggregated by average and are summarized in Table 7. It is shown
that optimized design schemes generally obtain better ratings than
the original ones.

Three quantitative criteria are further used to evaluate the
effectiveness of the evolutionary product form design method,
namely, number of pareto solutions (NOP), variety of pareto
crowdedness (VOPC), and computer run time (time). The NOP
is defined as the number of pareto solutions. The VOPC is
defined as the standard deviation of crowdedness of pareto solu-
tions. Time is the computation run time. Intuitively, the product
form solutions are supposed to be numerous, variant, and given
by computers as quick as possible. Having more variant solutions
means being less clustered and more evenly distributed. Given
that the sum of crowdedness of final population solutions is con-
stant, as given by Eq. (59), the standard deviation of crowdedness
indicates the variance level of pareto solutions. The lower VOPC

BM=0.9529, BM=0.9576, BM=0.9459, BM=0.9734, BM=0.9692,
COH=0.6264, COH=0.5406, COH=0.6490, COH=0.6263, COH=0.6355,
RM=1.0000 RM=1.0000 RM=0.9000 RM=0.5000 RM=0.6000

BM=0.9459, BM=0.9355, BM=0.9534, BM=0.9459, BM=0.9665,
COH=0.6490, COH=0.6623, COH=0.6287, COH=0.6490, COH=0.6282,
RM=0.9000 RM=1.0000 RM=0.5000 RM=0.9000 RM=1.0000

BM=0.9494, BM=0.9599, BM=0.9675, BM=0.9555, BM=0.9134,
COH=0.6264, COH=0.5810, COH=0.5421, COH=0.6215, COH=0.6554,
RM=0.5000 RM=0.6000 RM=1.0000 RM=0.5000 RM=1.0000

Fig. 5. Examples of optimized design schemes.
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Table 7. Parameter settlement for comparison experiments

np pc pm
Group 1 Experiment 1 40 0.4 0.3
Experiment 2 120 0.4 0.3
Experiment 3 150 0.4 0.3
Group 2 Experiment 4 80 0.2 0.3
Experiment 5 80 0.6 0.3
Experiment 6 80 0.6 0.3
Group 3 Experiment 7 80 0.4 0.08
Experiment 8 80 0.4 0.2
Experiment 9 80 0.4 0.4
Control Experiment 0 80 0.4 0.3

means more even distribution and larger variance. Therefore, par-
eto solutions with a larger NOP, a smaller VOPC, and a shorter
time are the better ones.

q=2 i

B 2721 5i(Xg+1) — 5i(Xg-1)
Xq:Cr(Xq) - Z (Z Si(XZZ) - Si(Xl)

5i(X2) — si(Xy) 5i(Xaz) — si(Xaz-1)
- Z si(Xaz) — si(X1) * Z 5i(Xaz) — si(X1)

1 22—-1
- Zm<z 5iXgr1) = 5iXg-1)

i q=2
+5i(X3) — 5;(Xy) + 5:i(Xaz) — Si(X2Z71)>

- Zm(zﬂ(xzz) — 25i(X1))

i

= 2xsize(S).
(59)
150 400
=9 £
2100 e
Z =200
507,
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Fig. 6. Comparative experiment results for Group 1 (pc=0.4, pm=0.3) with variant np.

100 250
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50 200

np=40 np=80 np=120 np=150

To analyze the effect of np, pc, and pm values on the effective-
ness of NSGA-II, three groups of comparison experiments are
conducted, respectively, together with the control experiment
described above. Parameter settlement for these experiments is
summarized in Table 7. The first group consists of three experi-
ments, each with pc set to 0.4, pm set to 0.3, and np chosen
from {40, 120, 150}. The second group consists of three experi-
ments, each with np set to 80, pm set to 0.3, and pc chosen
from {0.2, 0.6, 0.7}. The third group consists of three experiments,
each with np set to 80, pc set to 0.4, and pm chosen from {0.08,
0.2, 0.4}. Each experiment has 20 trials conducted. The average
and variance of NOP, VOPC, and time of experiments are
shown in Figures 6-8.

Experiments of group 1 show that np has obvious impact on three
criteria (NOP, VOPC, and time), as shown in Figure 6. The NOP
increases largely as np increases, while the ratio of NOP to np
decreases slightly. The VOPC drops as np increases. Time is
almost proportional to np. The relationship between NOP and
np may be explained by that larger np leads to a denser popula-
tion. This creates more solutions but also causes the proportion
of pareto front in the population to be smaller. A dense popula-
tion also explains the relationship between VOPC and np. When
solutions are more crowded, they are more likely to be evenly
distributed. The proportional relationship between time and np
is due to that most computation operations need to traverse the
whole population.

Experiments of group 2 show that pc also influences the three cri-
teria, as shown in Figure 7. Both NOP and time increase slightly
as pc increases, while the VOPC decreases. The degree of varying
is small compared with group 1. In NSGA-II, cross operations
intersect existing chromosomes to go through the latter selection
process, which promotes the superior solutions to prevail in the
whole population. Larger pc means that the evolvement of popu-
lation is more guided towards the superior solutions in pareto

0.04

0.02

VOPC

np=40 np=80 np=120np=150

(b) (c)

0.04

0.02

VOPC

pc=40 pc=80 pe=120pc=150 pc=40 pc=80 pc=120pc=150 pc=40 pe=80 pc=120pc=150
(a) (b) (c)

Fig. 7. Comparative experiment results for Group 2 (np =80, pm=0.3) with variant pc.
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Fig. 8. Comparative experiment results for Group 3 (np =80, pc = 0.4) with variant pm.

front. Therefore, the NOP increases with larger pc. Cross opera-
tions conducted by randomly picking chromosomes also reduce
the solutions’ tendency to cluster. This can explain that the
VOPC decreases with larger pc. A slight increase of time shows
that cross operations contribute partially to the overall computa-
tional effort.

Experiments of group 3 show that pm has no obvious effect on
both NOP and VOPC, as shown in Figure 8. Its effect on time
is also uncertain. However, mutation operations randomly create
new chromosomes and is an important way of exploring global
optimal solutions. This can be validated via the variety of opti-
mized design schemes. Some solutions may have very different
design parameters but have similar aesthetic measure scores.
Considering the effects of np, pc, and pm, the settlement in
Table 6 is used in the above case study. The requirement of
numerous and various solutions is balanced with a short period
of time.

The proposed evolutionary product form design algorithm com-
bines the aesthetic dimension selection and the design parameter
optimization. To realize form design based on aesthetics, other
approaches are applicable. The first is to use the weighted sum
of all aesthetic dimensions as overall evaluation score and then
solve the single-objective optimization problem. The second is
to include all aesthetic dimensions in the multi-objective optimi-
zation algorithm. The third alternative is to select a subset of aes-
thetic dimensions as the proposed approach, then use the
weighted sum of selected aesthetic dimensions as an overall evalu-
ation score. For the first approach, weights for dimensions play an
important role, but the weighting process further involves subjec-
tivity. When aesthetic dimensions are as much as 11, weighting is
more invalid. Single-objective optimization also increases the dif-
ficulty to find transactions of dimensions. For the second
approach, numerous aesthetic dimensions as objectives means
the optimization problem is more complex. For the third
approach, the weighting process is simplified but still exists and
brings bias. Our experiments show that the increase of objectives
number will largely increase the size of population, maximum
iteration required. Consequently, computation run time and the
number of pareto solutions are increased. Although more solu-
tions are obtained, the ratio of NOP to np is lower which
means the solutions are less optimal. Designer may need to review
more design schemes generated to make decisions. In fact, high-
dimensional optimization is still difficult for current methods.
The proposed evolutionary product form design method uses aes-
thetic dimension selection to deal with this deficiency. At the
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same time, expertise can be involved in the selection step to com-
plement computer intelligence.

This paper focuses on form design based on aesthetics. The aes-
thetic evaluation of product has increasingly big impact on user
satisfaction and the product’s success in market. To quantify
the process of aesthetic evaluation, aesthetic measure theory is
adopted in this paper. Based on the aesthetic theory in arts, the
latest achievements in psychology and so on, aesthetic measure
uses formula to compute multi-dimensional aesthetic values.
For 3D-shape product, 11 commonly used aesthetic dimensions
are introduced. We further propose to select aesthetic dimensions
with expert decision-making. Aesthetic measure results of several
design schemes are compared with the results by expert. The
selection is achieved by selection sequence optimization and
solved by the PSO algorithm. With selected aesthetic dimensions,
design parameters are optimized with elitist MOO algorithm
NSGA-II. Finally, pareto solutions are loaded into the product
form template in the modeling environment for visualization.
Designers can choose the one they prefer as the final design
scheme, or use them for innovation.

This evolutionary product form design method is capable of
generating numerous aesthetically optimized design schemes in
a short period of time. As illustrated in the case study of bicycle
form design, structural arrangements are optimized to inspire a
sense of beauty implicitly by aesthetic measure. Aesthetic dimen-
sion selection based on expert decision-making improves the
validity of aesthetic measure by retaining the dimensions that
most accords with results by expert. Generated solutions are
numerous and variant by NSGA-II. Our method is valuable for
both product redesign and new product innovation. In many sce-
narios where aesthetics is important, this method can efficiently
support designers to define form design scheme in the conceptual
design phase, which is the key foundation of detailed design.

There remain some limitations to be solved in future research.
Firstly, parameterization of complex product form is still difficult.
To allow more adaptive and creative designs to be generated, the
better parameterization method should be applied that can cap-
ture high-level semantic knowledge of product and describe as
much characteristics of product form as possible. Secondly, the
number of design schemes obtained by our method is not small
enough for experts to decide. The number of experts involved
will be kept small but the backgrounds of experts will vary
among industries and academics. Aesthetics can be coupled
with other factors, like dynamics and ergonomics, to further
extract ideal designs. Thirdly, as separate design stages can lead
to low efficiency, one-stage optimization considering multiple fac-
tors will be a focus of our future study. Fourthly, using weights for
selected dimensions and optimizing the overall aesthetic score by
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single-objective optimization is another feasible way which avoids
complex optimization computation. Future research will consider
better weighting mechanism instead of subjective weighting.
Finally, further research on the theory of aesthetic measure is
needed. For example, relative importance of preferred proportions
should be defined with the guidance of reliable theories for spe-
cific design scenarios.

This research is supported by the National Natural
Science Foundation of China (51975360, 52035007) and the National Social
Science Foundation of China (17ZDA020).

Almomani O (2020) A feature selection model for network intrusion detec-
tion system based on PSO, GWO, FFA and GA algorithms. Symmetry
(Basel) 12, 1046.

Aydin R, Kwong CK and Ji P (2014) Simultaneous consideration of remanu-
factured and new products in optimal product line design. IEEE
International Conference on Industrial Engineering and Engineering
Management, Dec 09-12, 2014, Malaysia, pp. 1-5.

Aydin R, Kwong CK and Ji P (2016) Coordination of the closed-loop supply
chain for product line design with consideration of remanufactured pro-
ducts. Journal of Cleaner Production 114, 286-298.

Bashour M (2006) An objective system for measuring facial attractiveness.
Plastic and Reconstructive Surgery 118, 757-774.

Birkhoff GD (1933) Aesthetic Measure. Cambridge: Massachusetts Harvard
University Press.

Burns K (2006) Atoms of EVE: a Bayesian basis for esthetic analysis of style in
sketching. Artificial Intelligence for Engineering Design Analysis and
Manufacturing 20, 185-199.

Cao Y, Mihardjo LWW and Parikhani T (2020) Thermal performance, para-
metric analysis, and multi-objective optimization of a direct-expansion
solar-assisted heat pump water heater using NSGA-II and decision mak-
ings. Applied Thermal Engineering 181, 115892.

Catalano CE, Giannini F, Monti M and Ucelli G (2007) A framework for the
automatic annotation of car aesthetics. Artificial Intelligence for Engineering
Design Analysis and Manufacturing 21, 73-90.

Cio YSLK, Ma YC, Vadean A, Beltrame G and Achiche S (2021)
Evolutionary layout design synthesis of an autonomous greenhouse using
product-related dependencies. Artificial Intelligence for Engineering Design
Analysis and Manufacturing 35, 49-64.

Davis RC (1936) An evaluation and test of Birkhoff’s aesthetic measure and
formula. Journal of General Psychology 15, 231-240.

Deb K, Pratap A, Agarwal S and Meyarivan T (2002) A fast and elitist multi-
objective genetic algorithm: NSGA-II. IEEE Transactions on Evolutionary
Computation 6, 182-197.

De Bartolo D, De Luca M, Antonucci G, Schuster S, Morone G, Paolucci S
and Tosa M (2021) The golden ratio as an ecological affordance leading to
aesthetic attractiveness. Psych Journal, 1-12.

Deng L and Wang GH (2020) Quantitative evaluation of visual aesthetics of
human-machine interaction interface layout. Computational Intelligence
and Neuroscience, 2020, 9815937.

Eckert C, Kelly I and Stacey M (1999) Interactive generative systems for con-
ceptual design: an empirical perspective. Artificial Intelligence for
Engineering Design Analysis and Manufacturing 13, 303-320.

Fuge M, Yumer ME, Orbay G and Kara LB (2012) Conceptual design and
modification of freeform surfaces using dual shape representations in aug-
mented reality environments. Computer-Aided Design 44, 1020-1032.

Galitz WO (1994) It’s Time to Clean Your Windows Designing GUIS That
Work. New York: John Wiley & Sons, Inc.

Grigoryan AM and Agaian SS (2020) Evidence of golden and aesthetic pro-
portions in colors of paintings of the prominent artists. IEEE Multimedia
27, 8-16.

Hartmann J, Sutcliffe A and De Angeli A (2008) Towards a theory of user
judgment of aesthetics and user interface quality. ACM Transactions on
Computer-Human Interaction 15, 15.

https://doi.org/10.1017/50890060422000178 Published online by Cambridge University Press

Hsiao SW, Chiu FY and Lu SH (2010) Product form design model based on
genetic algorithms. International Journal of Industrial Ergonomics 40, 237-246.

Joloudari JH, Saadatfar H, Dehzangi A and Shamshirband S (2019)
Computer-aided decision-making for predicting liver disease using
PSO-based optimized SVM with feature selection. Informatics in
Medicine Unlocked 17, 100255.

Kelly JC, Wakefield GH and Papalambros PY (2011a) Evidence for using
interactive genetic algorithms in shape preference assessment.
International Journal of Product Development 13, 168-184.

Kelly JC, Maheut P, Petiot JF and Papalambros P (2011b) Incorporating user
shape preference in engineering design optimization. Journal of Engineering
Design 22, 627-650.

Kennedy J and Eberhart R (1995) Particle swarm optimization. Proceedings
of ICNN’95 - International Conference on Neural Networks, Nov 27—
Dec 1, 1995, Vol. 4. Perth, WA, Australia, pp. 1942-1948.

Knight T and Sass L (2010) Looks count: computing and constructing visually
expressive mass customized housing. Artificial Intelligence for Engineering
Design Analysis and Manufacturing 24, 425-445.

Koo LY, Adhitya A, Srinivasan R and Karimi IA (2008) Decision support for
integrated refinery supply chains. Part 2. Design and operation. Computers
and Chemical Engineering 32, 2787-2800.

Kwong CK, Jiang HM and Luo XG (2016) Al-based methodology of integrat-
ing affective design, engineering, and marketing for defining design speci-
fications of new products. Engineering Applications of Artificial
Intelligence 47, 49-60.

Li JD, Cheng KW, Wang SH, Morstatter F, Trevino RP, Tang JL and Liu H
(2018) Feature selection: a data perspective. ACM Computing Surveys
50, 94.

Liu YL (2003) Engineering aesthetics and aesthetic ergonomics: theoretical foun-
dations and a dual-process research methodology. Ergonomics 46, 1273-1292.

Lo CH (2018) Application of aesthetic principles to the study of consumer pre-
ference models for vase forms. Applied Science (Basel) 8, 1199.

Lo CH, Ko YC and Hsiao SW (2015) A study that applies aesthetic theory and
genetic algorithms to product form optimization. Advanced Engineering
Informatics 29, 662-679.

Longo F, Padovano A, Cimmino B and Pinto P (2021) Towards a mass cus-
tomization in the fashion industry: an evolutionary decision aid model for
apparel product platform design and optimization. Computers and
Industrial Engineering 162, 107742.

Mars A, Grabska E, Slusarczyk G and Strug B (2020) Design characteristics
and aesthetics in evolutionary design of architectural forms directed by
fuzzy evaluation. Artificial Intelligence for Engineering Design Analysis
and Manufacturing 34, 147-159.

Mayer S and Landwehr JR (2018) Quantifying visual aesthetics based on pro-
cessing fluency theory: four algorithmic measures for antecedents of aesthetic
preferences. Psychology of Aesthetics Creativity and the Arts 12, 399-431.

Moshagen M and Thielsch MT (2010) Facets of visual aesthetics.
International Journal of Human-Computer Studies 68, 689-709.

Ngo DCL and Byrne JG (1998) Aesthetic measures for screen design.
Australasian Computer Human Interaction Conference, Nov 30-Dec 04,
1998, Adelaide, Australia, pp. 64-71.

Ngo DCL, Lian ST and Byrne JG (2003) Modelling interface aesthetics.
Information Sciences 152, 25-46.

Orbay G and Kara LB (2012) Shape design from exemplar sketches using
graph-based sketch analysis. Journal of Mechanical Design 134, 111002.
Orbay G, Yumer ME and Kara LB (2012) Sketch-based shape exploration
using multiscale free-form surface editing. Artificial Intelligence for

Engineering Design Analysis and Manufacturing 26, 337-350.

Orbay G, Fu LT and Kara LB (2014) Shape spirit: deciphering form charac-
teristics and emotional associations through geometric abstraction. ASME
International Design Engineering Technical Conferences and Computers
and Information in Engineering Conference, Aug 04-07, 2013, Portland,
OR, p. V005T06A008.

Orsborn S and Cagan J (2009) Automatically generating form concepts
according to consumer preference: a shape grammar implementation
with software agents. ASME International Design Engineering Technical
Conferences/Computers and Information in Engineering Conference, Aug
03-06, 2008, New York, USA, pp. 3-13.


https://doi.org/10.1017/S0890060422000178

16

Orsborn S, Cagan J, Pawlicki R and Smith RC (2006) Creating cross-over vehi-
cles: defining and combining vehicle classes using shape grammars. Artificial
Intelligence for Engineering Design Analysis and Manufacturing 20, 217-246.

Orsborn S, Cagan J and Boatwright P (2008) A methodology for creating a
statistically derived shape grammar composed of non-obvious shape
chunks. Research in Engineering Design 18, 181-196.

Perlovsky LI (2010) Intersections of mathematical, cognitive, and aesthetic
theories of mind. Psychology of Aesthetics Creativity and the Arts 4, 11-17.

Reid TN, Gonzalez RD and Papalambros PY (2010) Quantification of per-
ceived environmental friendliness for vehicle silhouette design. Journal of
Mechanical Design 132, 101010.

Reid TN, Frischknecht BD and Papalambros PY (2012) Perceptual attributes
in product design: fuel economy and silhouette-based perceived environ-
mental friendliness tradeoffs in automotive vehicle design. Journal of
Mechanical Design 134, 041006.

Ren Y and Papalambros PY (2012) A design preference elicitation query as an
optimization process. Journal of Mechanical Design 133, 111004.

Ren Y, Scott C and Papalambros PY (2014) A scalable preference elicitation
algorithm using group generalized binary search. ASME International
Design Engineering Technical Conferences and Computers and
Information in Engineering Conference, Aug 04-07, 2013, Portland, OR,
p. VO3BT03A005.

Rigau J, Feixas M and Sbert M (2008) Informational aesthetics measures.
IEEE Computer Graphics and Applications 28, 24-34.

Shi YH and Eberhart R (1998) A modified particle swarm optimizer. IEEE
International Conference on Evolutionary Computation, May 04-09,
1998, Anchorage, AK, pp. 69-73.

Shukla AK, Tripathi D, Reddy BR and Chandramohan D (2020) A study on
metaheuristics approaches for gene selection in microarray data: algorithms,
applications and open challenges. Evolutionary Intelligence 13, 309-329.

Song XF, Zhang Y, Guo YN, Sun XY and Wang YL (2020) Variable-size
cooperative coevolutionary particle swarm optimization for feature selection
on high-dimensional data. IEEE Transactions on Evolutionary Computation
24, 882-895.

Streveler DJ and Wasserman Al (1984) Quantitative measures of the spatial prop-
erties of screen designs. INTERACT ‘84. First IFIP Conference on ‘Human—
Computer Interaction’, Sept 04-07, 1984, Vol. 1. London, UK, pp. 125-133.

Wan H, Ji WT, Wu GQ, Jia XY, Zhan X, Yuan MT and Wang RL (2021) A
novel webpage layout aesthetic evaluation model for quantifying webpage
layout design. Information Science 567, 589-608.

Wannarumon S, Bohez EL] and Annanon K (2008) Aesthetic evolutionary
algorithm for fractal-based user-centered jewelry design. Artificial
Intelligence for Engineering Design Analysis and Manufacturing 22, 19-39.

https://doi.org/10.1017/50890060422000178 Published online by Cambridge University Press

Lingyu Wang et al.

Wu XY (2020) Product form evolutionary design system construction based
on neural network model and multi-objective optimization. Journal of
Intelligent and Fuzzy Systems 39, 7977-7991.

Wu CM and Li P (2019) The visual aesthetics measurement on interface design
education. Journal of the Society for Information Display 27, 138-146.

Wu HT, Huang YR, Chen L, Zhu YJ and Li HZ (2022) Shape optimization of
egg-shaped sewer pipes based on the nondominated sorting genetic algo-
rithm (NSGA-II). Environmental Research 204, 111999.

Yang C, Zhou YL, Yu SQ and Yu CY (2019) User preference enabled intel-
ligent 3D product evolutionary design. Journal of Industrial and Production
Engineering 36, 475-492.

Zeng D, He ME, Tang X and Wang FG (2020) Cognitive association in inter-
active evolutionary design process for product styling and application to
SUV design. Electronics 9, 1960.

Zhou AM, Ouyang JY, Su JN and Zhang ST (2020) Multimodal optimisation
design of product forms based on aesthetic evaluation. International Journal
of Arts and Technology 12, 128-154.

Lingyu Wang is a PhD student in the School of Design at Shanghai Jiaotong
University. Her research interests include human ergonomics, design mor-
phology, and theoretical approaches to innovative design.

Siyu Zhu is a PhD student in the Department of Mechanical Engineering and
Power Engineering at Shanghai Jiaotong University. Her research interests include
design theory and method, data mining, and machine learning algorithms.

Jin Qi is currently an associate research fellow in the Department of
Mechanical Engineering and Power Engineering at the Shanghai Jiaotong
University. He received his PhD degree in Mechanical Engineering from
the Shanghai Jiaotong University, Shanghai, China, in 2010. His research
interests include product innovation method, mechanical product develop-
ment, artificial intelligence, and knowledge based engineering.

Jie Hu is currently a professor in the Department of Mechanical Engineering
and Power Engineering at the Shanghai Jiaotong University. He received his
PhD degree in Mechanical Manufacturing and Automation from the
Zhejiang University, Hangzhou, China, in 2001. His research interests
include knowledge based engineering, knowledge fusion, design innovation,
and bioinformatics.


https://doi.org/10.1017/S0890060422000178

	An evolutionary form design method based on aesthetic dimension selection and NSGA-II
	Introduction
	Related work
	Aesthetic measure for user preference elicitation
	Feature selection
	Genetic algorithm

	Evolutionary form design method
	Parameterization
	Aesthetic dimension selection based on PSO
	Aesthetic dimension definition
	Aesthetic measure results of design schemes
	Expert decision-making
	Comparison of aesthetic measure and expert decision-making
	Aesthetic dimension selection by the PSO algorithm

	Optimization based on NSGA-II
	Cross operation
	Mutation operation
	Fast non-dominated sort
	Selection based on dominance and crowdedness

	Design validation

	Case study
	Bicycle form design
	Method validation
	Sensitivity analysis: group 1
	Sensitivity analysis: group 2
	Sensitivity analysis: group 3

	Discussions

	Conclusions
	References


