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Abstract 
 
This paper addresses the problem of generating a 
volumetric shape to approximate an arbitrary cloud of 
points. The volumetric shape is an aggregate of blobbies, 
computed using a genetic algorithm. The choice of this 
model is motivated by the simplicity and the popularity of 
this primitive. The algorithm is tested on clouds of points 
representing a bunny and a cat. 
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1. Introduction 
 
The conversion of real-life objects into digital 
representations is a critical issue in computer graphics. 
While a polygonal mesh is well suited to represent sharp 
edges, the amount of data can increase dramatically when 
dealing with smooth-curved objects. 
Blinn’s blobby model [1] was designed to generate 
smooth-curved forms of any kind, using significantly less 
data than a traditional mesh. The approach has rapidly 
gained popularity in the computer graphics community, 
and hence has the advantage of being well known and 
widely used.  
This motivated our use of blobbies to create volumetric 
shapes from clouds of points. Mesh approximation and 
volumetric representation from a cloud of points have 
been investigated by several authors [2][3], but few of 
these studies [4] consider blobbies as primitives. 
While this model presents obvious advantages in many 
applications, it suffers from major drawbacks when 
approximation using vertices is investigated, because 
direct manipulation of the blobby model is a very difficult 

task (see [2], [3] and [5]). For such purposes, it is much 
easier to manipulate other kinds of primitives such as 
variational implicit surfaces [2]. In the approach presented 
here, this low level of control has been left to a genetic 
algorithm in order to work at a higher level. This is 
seemingly the first attempt to use a genetic algorithm as 
an optimization technique for this problem. 
In this paper, a cloud of points is approximated using 
Blinn’s blobby model. The final solution is a set of 
blobbies, calculated using a genetic algorithm.  
The model is introduced in the next section. Section 3 
presents the genetic algorithm and the parameters used for 
the fitness function, and Section 4 describes the 
experiments, with a discussion of the results obtained. 
 
 
2. The model 
 
As presented by Muraki [4], the blobby model is used as 
an internal representation. In such a model, a solution is 
composed of a set of blobbies that define a scalar field 
value over a 3D space.  
Consider a blobby i and a point . The blobby’s 
field value at this point is given by:  
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T is a threshold defining the inside, outside and boundary 
of S: if  is positive, then p is inside S and 

conversely, p is outside if  is negative; p is on the 

boundary  if . In this equation, the parameter T 
is related to S. An equivalent modified version of the 
blobby is used in our model: the threshold is split in order 
to be embedded into each blobby: 
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With this convention, it is possible to define F in terms of 

 alone. In terms of data structures, the representation 
of a genotype with genes alone becomes possible (see 
Section 3.1). 

'
iB

A blobby is thus represented by a set of four parameters: 
the position of its center , its charge c , the parameter 

alpha 
iq i

iα and a threshold . it
 
 
3. The optimization technique 
 
Genetic algorithms have been successfully applied in 
various difficult problems in computer graphics and have 
proven to be efficient, sometimes producing impressive 
solutions, as in the work of Sims (see [6] and [7]). In 
situations where direct or low-level manipulation is too 
tedious, this optimization technique is well suited, leaving 
the user free to manipulate higher-level parameters 
through a fitness function. Micalewicz gives a good 
introduction to this technique [8]. The elitist genetic 
algorithm seemed appropriate to this study. 
 
 
3.1 Description of the genetic algorithm 
 
This optimization technique is based on Darwin’s 
principle of “the survival of the fittest”. This iterative 
evolution process tries several potential solutions to a 
problem (individuals) and selects the best ones. To this 
end,  the performance (or fitness) of a population of 
individuals is evaluated using a fitness function. Then, a 
selection process keeps the best individuals and discards 

the others. A mating process generates new individuals 
from those selected, to maintain a population with a 
constant number of individuals from generation to 
generation. This sequence is repeated until a termination 
condition is fulfilled. In this paper, an individual 
corresponds to a set of blobbies. Each individual has its 
own set of genes, called a genotype. A blobby is 
represented by a gene and a set of blobbies is represented 
by a set of genes, i.e., a genotype. A gene has the 
parameters needed to create a blobby the same set than a 
blobby – , c ,iq i iα and  – described previously. During 
the mating process, individuals are genetically altered 
using two genetic operators: mutation and one-point 
crossover.  

it

The crossover operator chooses two parents among all the 
individuals in the last generation and creates an offspring 
with the same number n of genes. Figure 1 illustrates this 
process: an integer m is chosen at random ( nm ≤≤1 , 
m=3 in this example). The offspring will inherit the first 
m genes of parent 1 and the last n - m genes of parent 2. 
  

 
Figure 1. Offspring created from a crossover between parent 1 and 2. 

 
It is important to note that the total number of genes of 
each individual is maintained. 
The mutation operator is then applied to the newly created 
individuals. 
The mutation acts on a single gene:  first, a parameter is 
chosen at random (among the four available) and then, a 
uniformly distributed random variable is chosen between 
–1 and 1. 
This variable is scaled by a user-defined maximum 
change rate factor (which depends on the parameter in 
question), limiting the effect of a mutation to an upper 
bound. 
The scaled variable is applied to the parameter and the 
solution is truncated to user-defined extreme values if 
necessary. 
With the end of the mutation process, the mating process 
is complete.  The new generation is then evaluated, the 
best individuals are selected, and so on. 
The algorithm stops when a good-enough-looking 
solution is found. 
 
 
3.2 The fitness function 
 
The fitness function uses the information both from S and 
from the cloud of points C: 
 

- ( )cpF : value of F evaluated at a point Cpc∈ . 
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Figure 3. Two sets of blobbies with the same  and different . vE dE
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Figure 2 illustrates Di:  
 

 
 

Figure 2. The distance Di 

 
It is important to note that no information about the 
connectivity between vertices is used. For this reason, 
information about the normal to each vertex1 is not 
available. 
 
 
4 Experiments  
 The fitness function computes an error E that is composed 

of two functions  and : vE dE 4.1 Initialization 
 

 Through experiment, certain parameter values have been 
found to provide good results. Once set at the beginning 
of each experiment, these remain constant.  They are as 
follows:  

vvdd EkEkE += 2  
 
where 

- Selection pressure: the 20 best individuals of the current 
generation are retained for the next generation. 
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1  - Crossover rate: In each new generation, 80 new 
individuals result from crossovers. 
- Mutation rate: 10%  
- kd: 1/2000 and 
- kv: 1   
- Population size: 100 individuals 
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The initial population is generated in the following way: 
each individual receives the same user-defined number of 
genes. All of these are assigned the same value, of initial 
charge c0, alpha α0, center q0 and threshold t0. The origin 
is c0 =(0,0,0). Mutations are applied to create diversity 
(two times more mutations than the total number of genes 
in the population, i.e., 100,000 mutations for a population 
of 100 individuals with 50 genes each). 

 
kd and kv are scaling parameters. 

vE  provides information about the proximity of the 
points of C and the boundary of S. Since the boundary of 
the implicit function is expected to approach each point of 
C,  should tend toward zero. vE

 The second function gives information about the distance 
between the centers of the blobbies and is used to give an 
advantage to the most compact surfaces, thereby limiting 
disconnections. 

 

                                                

 
 

Figure 3 shows an example of two sets of blobbies which 
are equivalent unless is taken into account. dE

 
 
  
 
 
 
 

 
1 An approximation of the normal vectors from the mesh is used in [4]. 
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4.2 Results References 
  
All experiments were performed on a 2.6Ghz Pentium 4. 
In most of them, convergence slowed significantly after 
1000 generations, i.e., after about 20 minutes. Most of the 
best results were obtained within a few hours.  

[1] J. F. Blinn, A generalization of algebraic surface 
drawing, ACM transactions on graphics, 1(3), July 1982, 
235-256. 
 

The table 1 shows the fitness of the best individual and 
the computation time, against the number of generations. 
 

Generation  Computation time E 
1 0 min 0.00817 

200 3.8 min 0.00196 
800 15.3 min 0.000619 

1,600 30.6 min 0.000491 
6,000 115 min 0.000314 
10,000 191 min 0.000267 

[2] G. Yngve and G. Turk, Robust Creation of Implicit 
Surfaces from Polygonal Meshes, IEEE transactions on 
visualization and computer graphics, 8(4), October-
December 2002, 346-359. 
 
 [3] A.P. Witkin and P. S. Heckbert, Using Particles to 
Sample and Control Implicit Surfaces, ACM 
SIGGRAPH’94 Conference Proceedings, Orlando, 
Florida, July 1994. 

Table 1. Progression of the fitness of the best individual.  
 [4] S. Muraki, Volumetric Shape Description of Range 

Data using ‘Blobby Model’, Computer Graphics, 25(4), 
July 1991, 227-235. 

This test was performed on a cloud of 453 points 
representing a bunny,  using 100 blobbies to approximate 
it. Figure 6 shows the sequence of pictures corresponding 
to the entries in the table above. 

 
[5] C. Bajaj, J. Blinn, J. Bloomenthal, M.P. Cani-Gascuel, 
A. Rockwood, B. Wyvill and G. Wyvill, Introduction to 
Implicit Surfaces (San Francisco, CA: Morgan Kaufmann 
Publishers, Inc 1997). 

Experiments were performed with individuals of 100 
genes for the cloud of points corresponding to the cat, and 
with 200 genes for the cloud of points for the bunny. The 
results are shown in figures 4 and 5, respectively. There is 
another important point to take into account: the implicit 
surfaces were generated only from information from 
vertices on a mesh. 

 
 [6] K. Sims, Artificial evolution for computer graphics, 
ACM SIGGRAPH’91 Conference Proceedings, Las 
Vegas, Nevada, July 1991.    [7] K. Sims, Evolving 3D Morphology and Behavior by 
Competition, Artificial Life IV Proceedings, Cambridge, 
MA: MIT Press, 1994, 28-39. 

5. Conclusion 
 
This paper has presented a new technique for generating 
an implicit surface from a cloud of points, using a genetic 
algorithm. This model is based on blobbies, an approach 
which has the advantage of being very popular and very 
easy to implement in applications. The resulting surface is 
an approximate representation of the original cloud of 
points and the algorithm presented here can thus be seen 
as a means of reducing the amount of data, or as a 
converter from a cloud of points or a mesh representation 
into a blobby model. 

 
 [8] Z. Michalewicz , Genetic Algorithms + Data 
Structures = Evolution Programs,  (Springer , 1992). 

Interesting results are obtained with a relatively low 
number of primitives. The results obtained are surprising, 
given that very simple mutations and crossover strategies 
have been chosen. We have high expectations for this 
technique, since significant improvements can be made.  
These include:  
- a problem-dependent mutation that performs local 
optimization; 
- a more sophisticated crossover that takes account of the 
geometrical properties of each parent – for example, a 
crossover could use a plane to choose blobbies in each 
parent. 
Another interesting extension to this work would be to 
consider a mesh and its connectivity, and use the 
information to compute the normal of each vertex of the 
mesh.  However, this information is not always available.  
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Figure 5. (a) Cloud of points (352) for the cat. Figure 4. (a) Cloud of points (453) for  the bunny. 

  

  
Figure 5. (b) Implicit surface with 100 blobbies. Figure 4. (b) Implicit surface with 200 blobbies. 

  

  
Figure 5. (c) Mesh of the cat.Figure 4. (c) Mesh of the bunny. 
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Figure 6. (a) First generation. Figure 6. (d) Generation 1600. 

  

  
Figure 6. (b) Generation 200. Figure 6. (e) Generation 6000. 

  

  Figure 6. (f) Generation 10,000. Figure 6. (c) Generation 800. 
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