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ABSTRACT 

Designing a 3D object is a very laborious process that usually involves significant expertise and time 
investment through the use of various 3D computer-aided design software. Numerous researchers 
have proposed mathematical formulas to automatically design aesthetic shapes in 2D space and this 
has led to recent efforts being done on studies which use mathematical formulas to create objects in 
3D space. In this paper, we report on the use of the Gielis Superformula to automatically generate 3D 
object shapes through an artificial evolutionary optimization process. Free-form 3D shapes are 
synthesized through three different methods: (1) a fully automated single-objective approach, (2) a 
fully automated multi-objective approach, and (3) an interactive, semi-automated multi-objective 
approach. Various novel fitness functions were designed to evaluate the shapes generated by the 
Superformula in order to discriminate between aesthetic versus non-aesthetic shapes. Post-evolution 
shapes were then fabricated using 3D printing for human evaluation. The results demonstrate that 
the proposed approaches are indeed feasible in terms automating part of or even the entire design 
process for synthesizing free-form 3D printable that are aesthetically pleasing. 

Keywords: Evolutionary 3D Art, Evolutionary Optimization, Automatic 3D Shape Generation, Gielis 
Superformula, Computational Aesthetics. 
 
1. Introduction  
 
3D printing machines are now able to make three dimensional printouts of objects at a relatively low 
cost in very small quantities even from the convenience of your own home (Barry, 2012). However, 
designing shapes in three dimensions is not an easy task. It requires significant skill and experience 
on the use of 3D Computer-Aided Design (CAD) software, which is crucial in the process of modelling 
the object in three dimensions before being able to be printed out by the 3D printer. It requires a 
great among amount of time to complete the design of a complex 3D objects even by a CAD 
professional in 3D designs. Numerous researchers have since taken up the challenge to attempt 2D 
and 3D objects generation through computational methods. Some of the early studies done on 
geometrical modelling evolution in a 3D space include explorations of the lattice deformation 
(Watabe & Okino, 1993) and polygonal sequencing operators (McGuire, 1993). Further research was 
carried out by using different encodings such as the work by Sims (1994) using directed graph 
encoding in the morphology and behavior evolution of virtual creatures in a 3D environment, the 
usage of L-system encodings by Jacob and Hushlak (2007) to create virtual sculptures and furniture 
designs and even explorations of evolving variable and fixed length direct encodings on solid objects 
such as tables, cars, boat and layouts of hospitals (Bentley, 1996). 
 
The Superquadrics equation in representing geometric shapes was first introduced by Barr. It has 
been used as quantitative models for diverse applications in computer environments (Barr, 1981; 
Barr, 1984) such as computer graphics as well as in computer visions (Jaklic & Solina, 2002). Since 
then, Superquadrics has been extended for local and global deformations to be able to model 
natural and considerably precise synthetic shapes. The Geilis Superformula, generalized from 
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Superellipses and the Superquadric formula, was able to describe shapes by through its internal 
symmetry and internal metrics (Gielis, Beirinck & Bastiaens, 2003; Gielis 2003). The Superformula 
equation is then further used to represent shapes in various fields such as engineering (Preen & Bull, 
2012) and it has been used together with EA to achieve a certain target shapes (Preen & Bull, 2014). 
 
EAs are inspired by the natural biological processes of selection of the fittest and it has been used as 
an optimization technique to solve myriad engineering, mathematical, computational and many 
more complex, highly non-linear and NP-hard problems (Aiben & Smith, 2003; Fogel & Fogel, 1996). 
EAs’ main genetic optimization components comprise a population pool, a parent pool, 
recombination, mutation, an offspring pool, and survivor selection. It has four different classes, 
which are Genetic Algorithms, Evolutionary Programming (EP), Evolution Strategies (ES), and Genetic 
programming [14]. Each class utilizes different approaches in solving complex problem while 
maintaining the main genetic components and operators. 
 
The objective of this paper is to investigate the possibility of using artificial evolution to evolve 
aesthetically-pleasing 3D shapes that are then printable for real-world realization using 3D printing 
technology. Three different EA approaches, namely interactive, single and multi-objective 
optimization will be utilized to evolve parameters of the Gielis Superformula, which is used as the 
encoding for the 3D shapes. A number of experimental runs are then conducted to evaluate the 
feasibility of each of these approaches, followed by the real-world fabrication of some of the 
selected 3D shapes for human evaluation on their aesthetic value. 
 
This rest of the paper is organized as follows. Section 2 provides some background on the main 
approaches to be investigated. Section 3 explains the methodology employed in this investigation. 
Section 4 presents the results and analysis of the experiments conducted. Section 5 concludes this 
paper with the main findings and some future work. 
 
2. Background 
 
2.1. Evolution on the Superformula  
 
The Superformula is simple geometric equation formed from the generalisation of a hyper-ellipse. It 
was found to be able to model forms of a large variety of plants and other living organisms (Gielis, 
Beirinck & Bastiaens, 2003; Gielis 2003). The generalization of the superellipse equation is as follows: 

                  (1) 
The distance in polar coordinates is denoted by r, for n_i and m∈ R^+; a, b ∈R_0^+; a > 0, b > 0 are 
responsible for the size of the supershapes with the usual value equalling one. The symmetry 
number is controlled by m while the shape coefficients are controlled by n1, n2 and n3 with real-
valued parameters. Equation (1) forms the superellipse 2D shapes, hence by multiplying 2 
superecllipse equations together, it allows the extension towards 3D shapes: 

 
where  
θ, denotes longitude with -π ≤ θ ≤ π, 
φ, denotes latitude with -π/2 ≤ φ ≤ π/2. 
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As such, more complex 3D shapes can be generated. Preen & Bull (2012; 2014) have shown more 
complex shapes such as the Mobius strip, shell and even torus shapes can be generated with 
Superformula.  
 
Evolutionary Programming serves as the EA method in this study. EP is one of the four major EA 
methods. It was first introduced by (Fogel & Fogel, 1996) to simulate learning processing aiming to 
generate artificial intelligence. Adaptive behavior is the key to EP and by using real-value parameters 
it can be integrated to the problem domain. The real-value parameters of Superformula are used as 
the representation in EP for this study where the single-objective fully automated evolution of 3D 
shapes is investigated. The pseudocode for EP used in this study is given below: 
 

1. Generate initial population 
2. Test each individual solution in the population 
3. Parent selection  
4. Mutation process 
5. Offspring generation 
6. Repeat step 2 to 5 until termination criteria is reached 

 
2.2. Measures of Aesthetic Shape Fitness  
 
There are many evaluation functions that have been introduced to evaluate the fitness criteria of 3D 
shapes, such as Volume, Dimension, Surface Area etc. However, most of them are divided into 2 
categories: model constraint functions and aesthetic (distribution-based) function. Model constraint 
functions measure the basic geometric properties of a model. They are useful for establishing 
practical constraints for the size of generated models. In many cases, these functions are not 
considered as important as aesthetics functions. 
 
Bergen and Ross (2013) chose to evaluate 2 particular features which are a measure of signed 
difference between adjacent face normals, ranging from 0 degree to ±180 degree and a measure of 
signed difference between adjacent face areas. These measurements are computed for the entire 
surface of model, then the resulting frequency distribution histogram is calculated and then 
appropriate calculation is applied to the histogram according to the distribution test being used. 
However, there are some functions that cannot be measure using histogram such as symmetry and 
complexity. Instead, these 2 functions focus more on distribution of the model’s physical properties 
such as its distribution of visible segments across a production string (which use to compute 
complexity level) and cumulative distribution of vertices across a chosen axis (which use to compute 
symmetry level).  
 
There is another example of fitness evaluation of complexity in Saleem et al. (2011) paper. They 
suggest that a shape’s perceived complexity derives from the dissimilarities among its view. This is 
trivially exhibited by the sphere, the canonical simplest shape, which has identical views, up to scale, 
from all view points. Therefore, they claim that a shape is complex if its views are dissimilar from 
each other and simple if its views are similar. The higher the dissimilarity, the more complex the 
shape. Moreover, the paper claims that the canonical simplest shape in the literature is the sphere. 
There is no variation in its surface and its appearance is constant, up to scale, from all directions. 
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2.3. 3D Printing  
 
A 3-Dimensional (3D) printer or also known additive manufacturing (AM) refers to various processes 
for printing 3D objects (Excell, 2013). Primarily, additive processes are used in which successive 
layers of material are laid down under computer control. The history of 3D printer begins in 1980 
where Hull of the 3D System Corporation invents the stereolithography process, where layer upon 
layer of material is being added through curing photopolymers with a UV laser. In 2010, 3D printers 
became hugely popular among manufacturing industries. At the same time, due to the high demand 
of 3D printers and the demands of scale, 3D printers have become significantly more affordable in 
the last two to three years. Nowadays, since the cost of 3D printers have declined due to market 
demand, 3D printers have become personal manufacturing machines (Wittbrodt et. al, 2013). 
Commonly found 3D printing technologies include fused deposition modelling (FDM), 
stereolithography (SLA) and selective laser sintering (SLS). FDM is used in this investigation due to its 
affordability and ease of handling the raw material used. 
 
3. Methods 
 
3.1. Experiment 1: Single-Objective Evolution 

Evaluation Function serves as a representation of requirement for a solution to adapt to. It is the 
basis of selection to aid improvements of the individual solution. From the perspective of problem-
solving, it is the representation to the task to be solved in evolutionary background [14]. Basically it 
serves as a quality measurement of the individual solution presented in the population pool. In this 
study, the evaluation function is design to calculate the value obtain from the 3D object as well as 
from the Superformula. 
 

(        ̂)           

         
                                   

In equation (2), it was intended to find the spread of point x, y, and z over the symmetry number of 
any given object. A penalty will be imposed to the score if the dimension of the objects were too big 
and out of the boundary set. The reason for the penalty imposed is to maintain a reasonable 
dimension size. The values for    and    are responsible to the symmetry of the 3D object, both 
the values of    and    are added together with a constant of 1. The constant is used to counter 
the division by zero error in case the addition between    and    results in zero.  
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In equation (3), a similar fitness function is used but the dividend is then power to the difference of 
      and     . In Superformula, the value of       and      is to control the thickness of each of the 
layers generated.   
 
The population size model used is µ+λ with both parameters set to a size of 1 and 100 respectively 
which means the population size model will include the parent plus 100 offspring. Each individual in 
the population pool will be evaluated using the fitness function in equation (5) and hence the fittest 
individuals will be selected to seed the next generations. The number of generations set for this 
experiment is 10. There will be five runs and after the end of each run the final evolved object will be 
printed out using a 3D printer. The fitness function is then replaced with equation (6) and run for five 
more times and the final evolved object of each run will be attempted to be printed out from a 3D 
printer. Object evolved are first save into Autocad file format (.dxf) and later convert into a 
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STereoLithography (.stl) format. With the .stl format, the object is then loaded into the UP! Print 
preview as shown in Fig. 1. 
 

 
Fig. 1. UP! 3D Printer interface 

3.2. Experiment 2: Multi-Objective Evolution 
 
The two fitness functions used in this experiment are the symmetry evaluation and radius 
differential. Symmetry is used as the fitness function because symmetry is a much studied 
fundamental concept in science and mathematics. The human eye tends to be attracted to 
symmetrical art and design. The symmetry value was obtained from one of the Superformula 
parameters where R is obtained at 0 degrees and S is obtained at π/m. Meanwhile, the second 
fitness function, the Radius Differential, is obtained by comparing all the radii in longitude and 
latitude. For example, for the sphere, the radius differential value will be 1, since all the radii are the 
same when measured from the center of the object.  
 
The population is the unit that undergoes evolution where the end of each generation, the current 
individual will produce an offspring. The primary objective of the selection operator is to emphasize 
better individuals within a population. This operator does not create any new individual; instead it 
selects relatively good individual from a population and deletes the remaining individuals. The 
identification of good and bad individuals in a population is usually accomplished according to a 
fitness evaluation. Since this is a multi-objective problem, the selection method used is the Pareto 
Selection method. The number of parents is determined by the number of individual that lie on the 
Pareto front. The definition of a Pareto solution is that there are no other individuals that can 
perform better in one of the fitness functions without making one of the other fitness functions 
worse.  
 
The basic crossover operation is a three-step procedure. First, two individuals are chosen at random 
from the population of parent strings generated by the selection operator. Second, one or more 
chromosome locations are chosen at breakpoints delineating the chromosome segments to 
exchange. Finally, parent chromosome segments are exchanged and then combined to produce two 
resultant offspring individuals. The proportion of parent strings undergoing crossover during a 
generation is controlled by the crossover rate, which determines how frequently the crossover 
operator is invoked. The crossover method used in this experiment is uniform crossover. Each gene 
in the encoding will be crossovered by a certain probability determined by the crossover rate. If the 
probability is greater than the crossover rate, then 2 strings are exchanged to create new child. 
Otherwise, no crossover occurs. In this experiment, we implemented a crossover rate of 50% and 
90%. Both crossover rates have their advantages and disadvantages. For example, a 90% crossover 
rate will have more exploration instead of exploitation, which results in more variety but at times 
will become somewhat random whereas a 50% crossover rate will have more exploitation instead of 
exploration, which will exploit the shape’s fitness but it may become stuck at a local maximum more 
often than a 90% crossover rate. 
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Mutation is a random process which slightly modifies the gene of an individual. With genes, a 
mutation usually consists of changing a fixed number of characters, or changing each character with 
a very low probability. The mutation method that used in this experiment is the Gaussian mutation. 
Each chromosome will be compared to the mutation rate according to a fixed probability. If the 
probability is greater than the mutation rate, then the chromosome is multiplied by a mutation 
value. In this experiment, the mutation rates are set to 1% and 10%. Both mutation rates have their 
advantages and disadvantages. A 1% mutation rate will gain more exploitation of the current 
population but it may become stuck at a local maximum while a 10% mutation rate will give more 
variety of shapes compared to a 1% mutation rate. However, sometimes the shape produced may 
become somewhat random compared to a 1% mutation rate. In this experiment, the termination 
criterion is set to a maximum of 200 generations. 
 
3.3. Experiment 3: Interactive Evolution 
 
In this experiment, the donut representation obtained from the Superformula is used as the base 
object shape. The donut representation has 15 parameters but only 13 parameters are used in the 
evolutionary optimization process. 2 parameters are fixed since they are Boolean types and thus not 
evolved. Each gene uses a real number and is initialized to a random value at the commencement of 
the evolution. The termination condition is set to 10 generations where in each generation, the user 
needs to key in a value as the rating for each picture. This serves as the first fitness function which is 
fed into the selection process and since this is provided by the user, hence the interactive approach 
in this particular experiment. In other words, the human evaluator acts as the fitness evaluator for 
the first objective. The second fitness function is obtained from the objective value obtained 
automatically from the developed artificial evolutionary optimization system which calculates 
automatically the values from the faces of the object. The calculation of the objective value for the 
number of faces is derived from the “setV” and “setU” parameters of the Superformula as described 
in equation (4) below:  
 
 
 
Hence, in this multi-objective experiment, there are two distinct fitness functions: (1) one is the 
directly obtained from the user when a rating is given to the shape; and (2) the automatically-
calculated objective value for the number of faces of the object. 

 
 
 

No. of Faces = SetV + SetU                         (4) 
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Fig. 2. Interactive Evolution Overall Process Flow 

 
Fig. 2 above illustrates the overall process flow of the interactive evolutionary optimization approach 
adopted in the third experiment. Similar to canonical evolutionary algorithms, the interactive 
evolution algorithm has all the similar components of initialization, fitness evaluation, parent 
selection, crossover, mutation, survivor selection which are repeated until the termination criteria is 
reached. However, it has an additional component which is the user-provided objective evaluation 
rating as previously explained. 
 
4. Analysis & Discussion 
 
4.1. Experiment 1: Single-Objective Evolution 
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Fig. 3. Best Evolved 3D Objects from Automated Single-Objective Evolution 

 
Fig. 3 shows the best evolved 3D objects from the single-objective evolution experiment. The 
parameter values for m_1 and m_2 were maintained in the lower region of the search range and it 
was observed that with a lower value of m_1 and m_2 , shapes with less symmetrical points is 
evolved. The results from such a low number of symmetrical points produced some rather unique 
shapes. However, the large majority of the best evolved objects had m_1 and m_2 values from the 
upper region of the search range and generated highly symmetrical objects, some of which were 
chosen to be fabricated using 3D printers as shown in Fig. 4 below. Hence, this experiment has 
shown that the single-objective evolutionary optimization approach can be utilized successfully for a 
fully-automated design optimization process to automatically synthesize pleasing-looking 3D objects 
which can then again be successfully transferred to the real-world using 3D printing technology. 
 

 

Fig. 4. 3D Printouts of Some of the Evolved Objects from Automated Single-Objective Evolution 
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4.2. Experiment 2: Multi-Objective Evolution 
 

   
 

 

 

    

    

Fig. 5. Best Evolved 3D Objects from Automated Multi-Objective Evolution 
 
 

 

Fig. 6. 3D Printouts of Some of the Evolved Objects from Automated Multi-Objective Evolution 
 
Fig. 5 shows the best evolved objects from the automated multi-objective optimization evolution. 
Fig. 6 shows some of the fabricated objects from this experiment. A total of 9 fabricated shapes 
were shown to 10 users to evaluate. 6 out of 9 were shown on the computer, 3 out of 9 were shown 
in 3D printed model. 4 out of the 6 shapes shown in the computer were shapes from each 
experiment’s final Pareto front, whereas the other 2 shapes were randomly generated without going 
through any evolution. Each user were required to rate the shapes regarding its symmetry level (1 = 
not symmetrical, 10 = very symmetrical), radius differential (1 = not many different radii, 10 = many 
different radii) and general aesthetics (1 = not aesthetically pleasing, 10 = aesthetically pleasing).  
 



E-Journal of Artificial Intelligence & Computer Science (E-ISSN: 2289-5965), Vol 3, 2015. Published by 
http://WorldConferences.net    27  

It is obvious that the shapes that were not evolved received low ratings for three all categories. The 
aesthetic ratings for the printed objects were far better than the shapes shown in the computer. The 
reason for this might be that the user has the opportunity to have a better scrutiny of the shape 
using the real-world fabricated objects. Among the parameter settings used in the genetic 
operations, it was found that the crossover rate of 50% with a mutation rate of 10% produced the 
most number of Pareto optimal solution among all the evolved final solutions. The worst setting 
observed was when the crossover rate was set to 90% with a mutation rate of 1% where none of its 
final evolved solutions were found on the final overall Pareto front. The reason for this might be due 
to the extremely high crossover rate creating too much randomness in the evolving shapes. 
 
4.3. Experiment 3: Interactive Evolution 
 

 
Fig. 7. Interactive Evolution Interface: Pre-Evolution 

 
Fig. 8. Interactive Evolution Interface: Post-Evolution 
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Fig. 9. Best Evolved 3D Objects from Semi-Automated Interactive Evolution 

 

 

 

 
 
 
 
 

Fig. 10. 3D Printouts 
of Some of the Evolved Objects from Semi-Automated Interactive Evolution 

Figs. 7 & 8 show the user interface while the experiment is being conducted with the human 
designers. Fig. 9 displays some of the final evolved shapes which take into consideration the two 
fitness functions described earlier in generating the multi-objective Pareto optimal set of solutions 
while Fig. 10 shows the real-world 3D objects after fabrication using a 3D printer. From the analysis 
conducted on the user rating of the objects, there appeared to be a trend where the majority of the 
human designers tended to give higher scores to objects with higher number of faces. As such, from 
this experiment, it can be concluded that a high number of faces tend to produce 3D objects that 
were more appealing aesthetically to the human user. Furthermore, this experiment has 
demonstrated the feasibility of using a multi-objective, interactive evolutionary optimization 
approach to the semi-automated design of 3D printable objects. 
 
 
 
 
 
 
5. Conclusion 
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This study has embarked upon investigating three different artificial evolutionary design 
optimization techniques towards automatic and semi-automatic synthesis of 3D objects that can be 
fabricated using 3D printers. Experiments conducted show that a fully automated single-objective 
evolution, a fully automated multi-objective evolution as well as a semi-automated interactive 
evolution were all success in evolving aesthetically-pleasing objects that could be subsequently 
realized into actual 3D objects through 3D printing. Numerous future avenues of investigation could 
be embarked upon directly from this work. A different shape encoding apart from the Gielis 
Superformula could be explored for a more diverse range of initial 3D shapes to evolve. Other 
evolutionary optimization algorithms such as Differential Evolution and Genetic Programming could 
also be investigated for the model optimization process. 
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