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Abstract 

 

Objectives: To develop an algorithm able to generate 3D mechanical structures 

which look like organic ones. Methods/Analysis: This algorithm starts from a 

predefined design space and some mechanical constrains (reference points, 

applied forces, etc.), after, a Finite Element Method (FEM) is used, in order to 

compute all the resultant stresses into the volume of design space. Then a genetic 

algorithm uses those results to optimize a 3D structure that accomplishes with the 

mechanical constrains and a predefined filling percentage of the design space. 

Findings: The structure proposed is composed by 3D objects named metaballs, 

which behave like mercury drops, fusing together and creating a rounded and 

organic-like shape. The fitness function of the genetic algorithm is inspired in the 

growing of trabecular bone tissues, it means the distribution of metaballs into the 

volume, is like the one of cells into a bone. Novelty/Improvements: As a result, 

Organic-shaped structures were automatically obtained according to the starting 

mechanical constrains. 

 
Keywords: organic-like shape, genetic algorithms, metaballs, finite elements 

method FEM, bone growing 
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1. Introduction 
 

Bioinspired algorithms are used in a lot of different areas, including architecture 

and industrial design [1]–[5], due to most of them, give results that look like 

organic structures. Specifically, the algorithms of vegetal and animal tissue 

morphogenesis [6], [7], has been used for creating and optimizing structures. 

There are different approaches in morphogenetic algorithms, such as: plant grow 

modeling [8]–[10], which can be supported by using fractals (Lindenmayer 

systems) [6], [11], [12], cellular growing modeling [13], [14], among others. 

Another bioinspired algorithm used for designing structures is the modeling and 

remodeling of bone tissue [15]–[18], which are especially used for optimizing 

structures under applied forces. The last approach is based on the resultant 

stresses after applying specific forces to a bone structure under certain constrains; 

and how it adapts itself and reorganizes its tissue to improve its resistance to the 

applied forces. Generally, this approach needs to use the Finite Elements Method 

(FEM) [19]–[22], in order to obtain the stresses matrix needed to adapt the bone 

tissue. Also, genetic algorithms have been used for designing and optimizing the 

structure [23]–[26]. The proposal shown in this paper is based on FEM 

simulations under certain mechanical constrains, of a starting design space; then 

an genetic algorithm is used for optimizing the position of cells that will compose 

the final surface. The genetic algorithm uses a minimalist model inspired on bone 

tissue remodeling to reorganize those cells into design space. Cells into result are 

represented as metaballs [27], [28] to create the output 3D surface. 

 

2. Methodology 
 

This proposal is composed by several steps, first one is the definition of the design 

space, the second one is the FEM simulation, the third one is the optimization by 

means of using the genetic algorithm. These steps will be described in the next 

subsections. 

 

2.1 Design space 

 

For this implementation, a very simple design space was selected, it is a “prism” 

of 10x10x20cm (see Fig. 1). This form was selected due to its simplicity and to 

make easy the result analysis. 

 

 

Inside the design space is defined a matrix of 2000 cells (metaballs) that will 

compose the final surface; each cell is separated 1cm for the next one, then a 

10x10x20 matrix of metaballs were used. 
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Fig. 1 Definition of design space. 

 

 

2.2 FEM simulation 

 

Finite Element Method implementation has different parts: first one is to create 

the finite mesh, second one is to define the constrains (define the physical 

material, reference points and forces or pressures to apply), the third one is to run 

the simulation and the last one is the data post-processing. For the meshing 

process GMSH software was used (see Fig. 2). For the constrain definitions and 

the simulation itself, CalculiX software was used, a single point force is applied 

(blue arrow in Fig. 2) and four supports are defined in the lower corners of the 

structure (orange triangles in fig. 2). Finally the Visualization Tool Kit (VTK) was 

used for the post-processing, where the inner resultant stresses are shown in color 

slices (Fig. 3). All the tools used for FEM simulation are freeware and they were 

implemented by using FreeCAD software. 

 

 
Fig. 2 Design space meshing and constrains definition. 
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Fig. 3 FEM simulation results (2 slices), it shows the resultant stresses on the solid 

block, after applying the external force. 

 

For the FEM simulation, the material selected has Polylactic acid (PLA), which is 

widely used in 3D printing and a lot of other applications. The force was fixed on 

1 Newton. 

 

2.3 Genetic Algorithm Definition 

 

A simple genetic algorithm (GA) was used for calculating and optimizing the 

structure that accomplishes with the initial restrictions, starting from the results of 

the FEM simulation. This GA has a population of 50 individuals, with simple 

elitism of 5%, one-point crossing, stochastic uniform selection, crossover fraction 

of 80% and stochastic uniform mutation of 1% of the population genome. 

Following section describes the genome definition. 

 

2.3.1 Genome Definition 

The genome is defined starting of the data type of the FEM simulation, which 

brings, for this case, a 3D value matrix of the resultant stresses inside the volume 

(design space). Depending on the used mesh size, the size of that matrix can be 

change, that is why, it is necessary to adjust it to the size of matrix cell to be 

calculated by the GA. For that size adjusting, a decimation process was applied, 

obtaining a stress matrix S of 10x10x20 positions. The genome of each individual 

of the population is a string of 2000 Boolean variables, where each one 

corresponds to each cell or position of the matrix G. In each position of the matrix 

is a gene in the genome, where “1” means the cell in this position exists and “0” it 

does not exist. In conclusion, each gen represents the absolute position of a cell in 

the structure. 
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2.3.2 Fitness Function 

The fitness function was defined trying to emulate the bone tissue growing, using 

a minimalist model under simple rules. The first characteristic of trabecular 

structures (porous one inside bones) is the density distribution, this changes along 

bone depending on the distribution of the stresses in its regular working. This 

means there will be more cells in the parts of structure under high stress. The 

second one is the cells connectivity, which means that all of the cell in the 

structure have to be connected themselves. And the last one is the filling 

percentage which defines the total density of the bone. Then the fitness function is 

defined by three factors correspondent to those rules; the first one is the 

probability factor Fp which is related with the density distribution and is 

calculated based on the stress matrix S by means of the equation 1. Where l, n and 

m are de dimensions of cells matrix G, it means 10, 10 and 20 respectively. 

 

𝐹𝑝 = ∑ ∑ ∑ 𝑮

𝑚

𝑘=1

(𝑖, 𝑗, 𝑘)

𝑛

𝑗=1

𝑙

𝑖=1

∗ 𝑺(𝑖, 𝑗, 𝑘) (1) 

 

The filling factor Ff  defines what percentage of the volume will be filled with 

cells, based on a previous defined filling percentage pf, as described in equation 2. 

Where de summation is normalized by the dimensions of the matrix.  

 

𝐹𝑓 = |𝑝𝑓 −
∑ ∑ ∑ 𝑮𝑚

𝑘=1 (𝑖, 𝑗, 𝑘)𝑛
𝑗=1

𝑙
𝑖=1

𝑙 ∗ 𝑛 ∗ 𝑚
| (2) 

 

The connectivity factor Fc define what is the connectivity degree between the 

cells inside the volume as shown in equation 3. Where N26 is the number of 

active neighbors of each cell in 3D inside the volume. 

 

𝐹𝑐 = ∑ ∑ ∑ 𝑮 (𝑖, 𝑗, 𝑘)  ∗ 𝑁26

𝑚

𝑘=1

𝑛

𝑗=1

𝑙

𝑖=1

 (3) 

 

Finally, the total fitness function is the product of the factors Fp, Ff y Fc, as 

shown in equation 4. This fitness function is minimized through the pass of 

generations in the GA. All the genetic algorithm was developed using 

MATLAB®. 

 

𝒇 = 𝑭𝒑 ∗ 𝑭𝒇 ∗ 𝑭𝒄 (4) 

 

2.4 Shape Generations by Metaballs 

 

After the evolution of the GA, the resultant cell matrix is represented by means of 

Metaballs, which are mathematical structures that represent 3D spheres that have  
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implicit an energy function, which defines what is their surface border. In 

Metaballs, the closer to the center the intense is the energy function. When two 

Metaballs are the enough close themselves, the energy function of both, generates 

only one surface for both, it means those spheres merge as two drops of water 

under no gravity. Figure 4 shows and example of the effect of the distance over 

the surface generation (fusion).  

 

 
 

Fig. 4 Fusion of Metaballs depending on the separation distance. 

 

The black line in the external part of each Metaball represents the maximum 

influence area (minimal value of the energy function). All the resultant shapes 

obtained when Metaballs are used, are curved, that is why this modeling 

methodology are commonly used for creating organic-shaped 3D models. Then 

Metaballs are the most appropriate 3D structures to be used in the context of this 

research. For the use of Metaballs and the rendering process, Blender software 

was used. 

 

3. Results 

 

After twenty different experiments the proposed algorithm always generates 

structures that accomplish the general mechanical constrains, it means they have 

support for the four base lower points and for the top point where the force was 

applied. The Figure 5, shows one of the results obtained when defined 30% of 

filling pf. 

 

 
Fig. 5 Resultant structure with 30% of filling. 
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All of the resultant structure shapes are different, due to the random nature of the 

GA, but all share the same basic features: they have four slim “Legs”, one “Head” 

and a central “Body”, which shows that these features respond to the initial 

mechanical restrictions. The Figure 6 shows another result using 20% of filling. 

 

 

 
 

Fig. 6 Resultant structure with 20% of filling. 

 

As shown in figures 5 and 6, the resultant shapes are not symmetric even though 

the stress profile obtained after the FEM simulation it is. This is due to also the 

random nature of the GA. If symmetric results are desired, it is possible to divide 

the original design space in symmetrical components and run the algorithm for 

one of them.  

 

The number of convergence generations of the different experiments was between 

50 and 100, with an average of 67. This shows that the optimization problem as it 

was proposed is not really complex. All experiments spend an average time of 15 

seconds for reach the convergence value (only the GA) running in a regular office 

PC. 

 

The proposed methodology is able to be used for designing organic-shaped 

structures, inside simple design spaces, accomplish some mechanical restriction. 

Despite this methodology uses structural simulations by means of FEM, the main 

target is the organic design of structures, where the results show its reliability.  

 

4. Future work 
 

It is important to corroborate inside the same algorithm that the obtained shapes 

accomplish in 100% with the mechanical constrains, simulating them using FEM.   

   

It is possible to join as FEM simulation as genetic algorithm so that the GA uses 

directly the results of the FEM, doing the process much efficient, due to it is 

possible to do FEM simulations over the resultant shapes and add them as part of 

the fitness function. 
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So far, using the proposed methodology only it is possible to define 3D straight-

lines design spaces (cubes, for instance), that is why, it is necessary to formulate 

an algorithm that automatically fills an arbitrary design space with cells and 

creates the genome of this cell distribution, in order to be able to effectively apply 

this algorithm as a design tool. 

 

It is important to explore other possibilities of the GA, such as change elitism, 

mutation and crossing parameters in order to obtain different results. 

 

It is possible to implement a cell growing algorithm that generates complex 

structures based few information, and thus to reduce the genome size. 
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