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Abstract 

Current 3D modeling techniques require significant manual assistance and a priori assumptions about the presence of the 
objects in the scene. In this paper  we present a genetic algorithm-based optimisation technique to partially automate the 
process for extracting information about the localisation and the parameters evaluation of geometric shapes from range 
images. The 3-D data points of two different kinds of surfaces, containing two different kinds of holes with known radii 
and unknown positions are passed to the Genocop III algorithm [3]. Both the positions and the radii of the holes are 
obtained and the accuracy of a priori known radii estimation is evaluated. Finally we address, in terms of performances, 
the question of whether it is possible to combine the proposed algorithm into a developed system that converts 3-D points 
data into a 3-D CAD models (LFM) [5].  
 

1 Introduction 

Common quadratic surfaces as cylinders, cones 
and spheres are found in most manufactured 
parts and objects. A reliable localisation and 
parameters estimation of these surfaces is a 
fundamental task in many applications like 
object modelling and reverse engineering where 
a model-based recognition is needed to be 
extracted from the set of range data for CAD 
purposes. The parameters of the surfaces are 
often used for detecting plausible 
correspondences between model and real 
objects or between surfaces extracted from 
different views. This problem results 
complicate because often the data points 
available represent only a partial area of the 
surface and at the same time are corrupted by 
noise. The acquisition of a 3-D image is really 
just the starting point in the generation of a 3-D 
CAD model, the "Light Form Modeller" (LFM) 
[5] system comprises a 360 degree laser scanner 
and software which converts the collected 3-D 
data points into a 3-D visual database and 3-D 
CAD models. The data capture is achieved by 
using a laser scanner who captures over 11 
million points within a 2 minute scanning cycle. 
A scene, from which an image is taken, can 
contain any number of discrete surfaces. 
Therefore, the resultant image will contain 
many millions of points, which represent, in 
pixel form, the original surface structure of the 
scene. Understanding what objects are actually 

being seen, and their position in space, requires 
the interpretation of a large set of data points 
into shapes which correspond to objects in the 
scene. The object of analysis is to return pixels 
back into a solid model. Conversion from 3-D 
point data into CAD objects is facilitated using 
a range of specially developed fitting 
algorithms which have been developed to be 
both robust and accurate. The conversion 
process is done with the aid of an operator who 
selects specific groups of points which, for 
example, belong to the surface of a cylinder and 
then directs the system to automatically find the 
best fit CAD representation of a cylinder. This 
approach leads to very swift construction of the 
model; even for those who are new to the 
system. The approach used by LFM in the 
model building process enables an operator to 
construct a 3-D model in an incremental, 
intuitive and interactive way and to rapidly 
produce a ground-up CAD model of a specific 
region of interest or to validate-update existing 
3-D CAD models. Ideally, modelling would be 
a largely automatic process and there would be 
little input needed from the user to construct a 
model. Using the algorithm proposed in this 
paper an operator could find different kinds of 
holes, count them and achieve information 
about the position and the radius of each of 
them in iterative way, just selecting a 
continuous bounded cloud of a 3D points. In 
previous work, it has been shown that optimal 
surface fitting under geometric constraints [1] 
[2] or in presence of noise [6] [8] was feasible 



with an evolutionary algorithm. This problem is 
generally formulated as a non linear 
programming problem, which tries to optimally 
fit the data to candidate shape descriptions. 
With non linear constraints it is notoriously 
difficult to optimise the functions and there is 
no known method to guarantee a satisfactory 
solution. In this context while traditional search 
techniques, such as gradient descent, are 
unsatisfactory, owing of the local nature of their 
search methods, GAs allow an efficient 
exploration of the search space and an 
exhaustive exploitation of the best solutions as 
well. However due to the multi-modal nature of 
the fitness functions used (described in section 
3.2), the presence of noise and the very large 
number of points to be processed at each 
generation, to achieve good performance in 
terms of CPU time and to guarantee a 
satisfactory rate of convergence a GA [1] 
specialised to handle non linear constrained 
function optimisation has been adopted.  

2 Data Quality and Model 

In the Fig.1 is represented the 2D complex 
scene of interest taken from the archive of the 
UK Robotics Ltd and in the Fig. 2 and Fig. 3 
are shown 2D images of the two different kinds 
of holes we have investigated. The holes 
(volumetric holes) in the Fig. 2, with data 
points XYZ plotted in Fig.4, have a thickness 
and present some problems due to the 
reflections from the inside walls of the surfaces, 
and to the camera dead zones. These problems 
lead to some points called ghost points that 
consist in false points in the middle of the holes 
and to some data lost. The holes (planar holes) 
in the Fig.3 belong to a vertical and thin surface 
so that all the data belong to a plane. 

 

Figure 1: 2D image of the Airbus A320 wings 
section. 

 
Fig.2 Volumetric holes extracted from the 

Airbus A320 wings section. 

 
Fig.3 Planar holes extracted from the Airbus 

A320 wings section. 

 
Fig.4 Data points XYZ plotted of volumetric 

holes 

3 Genetic Algorithm 

Genocop III algorithm [3] has been used and 
extended in this paper by adding a complex 
model fitting functions. It is an evolutionary 
algorithm which is specialised to handle 
constrained function optimisation and to 
involve non-linear constraints and implements a 
real-valued chromosome representation in 
which each gene corresponds to a coefficient in 
a shape equation and is a floating-point number. 
The main characteristic of this algorithm is the 
presence of two populations: a reference set and 
a search set. The reference population is a set of 
fully feasible individuals which satisfy all 
constraints whereas the search population may 
not. At each iteration, the search population is 
allowed to move around the solution space; an 
individual S of the search set is combined 
randomly with an individual R of the reference 
set  to generate a new one that will replace R if 
it is better than it.  
Moreover Genocop III [4] [7] uses operators to 
ensure that any mutation and cross-over 
operation always produce a child that is from 
the constrained solution space. 

  



The fitness functions used (described in section 
3.1) are applied for fitting parametric 3-
dimensional model chromosomes to range data 
while simultaneously applying several 
necessary constraints. The constraints necessary 
for our goal are of two types: domain (the 
restriction on the parameters size) and relational 
(relationship between surfaces that are known a 
priori). In this paper we have used only the 
primitives of planes and cylinders, three domain 
constraints to direct the random generation of 
the center of the holes inside the cloud, and two 
relational constraints to assess the axis of 
cylinders parallel to the unit normal of the 
planes and the center of the cylinder belonging 
to the plane. In the case of planes, we have used 
a 4 genes parametric representation where n1, 
n2, n3 are the components of the unit normal 
describing the plane and d is the constant 
defining its minimum distance from the origin. 
In the case of cylinders, we have used a 7 genes 
representation where x, y, z are the co-ordinates 
of a point of the axis of the cylinder, N1, N2, N3 
are the components of the axis direction and R 
is the radius. Doing so the final solutions for the 
parameters of the holes are coincident with the 
co-ordinates x, y, z of the center of the cylinder 
and with its radius. 

4 Fitness function 

The first step of the algorithm for both the 
classes of our problems is a genetic fitting of 
the planes containing the holes using a least 
square errors fitness function[1][2]; the 
accuracy of this fitting is very important for the 
volumetric holes even if all the points don’t 
belong to a plane. Known the unit normal of 
this plane the second step is to generate 
randomly a cylinder with the axis parallel to the 
normal of the plane and then for all the points 
inside it (number_of_points) to evaluate the 
variance (var) of their distance to the centre of 
the cylinder, then with this information to 
minimise respectively (1) and (2), where the 
term R2 and var have been introduced to avoid 
the null solutions and the premature 
convergence to a small number of points in a 
very small radius. The fitness function we have 
designed for the planar holes and volumetric 
holes are shown respectively in (1) and (2): 
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5   Results 

In the Table 1 and Table 2 are shown the 
obtained results, such as the co-ordinates of the 
center of the holes, their radii, and the 
parameters of the plane containing them. In the 
Fig. 5 are XYZ plotted  the 6 planar holes with 
their obtained centers. The exact locations of 
the holes in the examples proposed are not 
known. Mean error in radius estimation for 30 
planar holes is found to be 0.275 mm (standard 
deviation 0.227 mm) using holes ranging from 
30 mm to 50 mm. While for the two volumetric 
holes is known that the radii are both equal to 
70 mm. 

6 Example Timings 

When the algorithm proposed is used to extract 
the parameters of the volumetric holes 
processing  9751 3D data points the average 
time for each hole is 9 minutes on a 150 MHz 
Indigo Silicon Graphics with random 
initialisation. A stable solution is reached after 
about 5000 generations. 
When, instead, is used to evaluate the 
parameters of planar holes, processing 5164 3D 
data points the average time on the same 
machine for each hole is 3 minutes with random 
initialisation whereas a stable solution is 
reached after about 3000 generations.     
 

7 Conclusions 

In this paper we have investigated the question 
of whether is possible with an accurate design 
of a genetic algorithm-based optimisation 
technique to extract the parameters of two 
different kinds of holes just selecting the 
volume who contains them and passing to the 
algorithm the 3D data points obtained from a 
range sensor. The obtained results in terms of 
accuracy are good considering that no 
preprocessing of the data has been done. The 
example timings shown previously are 
computed when the parameters of the plane 
containing the holes has been already evaluated 
with the specially developed fitting algorithms 
implemented in the LFM [5], in fact has been 
experimentally proved that the performances of 
this algorithm in term of accuracy and 
processing time are good enough to avoid the 
use of a Ga to fit the plane as well. The 
advantages of a GA like Genocop III, able to 
handle linear and non-linear constraints, have 
been proved because we have obtained a 
significant reduction of the search space and a 
useful generation of feasible solutions. 

  



Table 1: Parameters obtained for six planar 
holes using  5164 points in total. 

hole 1 2 

x -1.955 
m 

-2.020 
m 

y   0.143 
m 

0.307 
m 

z   0.408 
m 

0.637 
m 

R 49.5 
mm 

33.4 
mm 

hole 3 4 

x -2.001 
m 

-2.029 
m 

y 0.040 
m 

 0.051 
m 

z 0.482 
m 

 0.551 
m 

R 38.2 
mm 

32.9 
mm 

hole 5 6 

x -2.040 
m 

-1.918 
m 

y  0.183 
m 

 0.279 
m 

z  0.605 
m 

 0.371 
m 

R 27.1 
mm 

38.2 
mm 

N1 -0.264 
N2 -0.963 
N3 -0.055 
d 0.732 m 

Table 2: Parameters obtained for two 
volumetric holes using  9751 points in total. 

hole 1 2 

x -1.298  
m 

-1.543 
m 

y -0.393  
m 

-0.325 
m 

z -0.145  
m 

-0.148 
m 

R 70.3 
mm 

69.4 
mm 

N1 -0.264 
N2 -0.963 
N3 -0.055 
d 0.732 m 

 

 
Fig. 5 The 6 planar holes XYZ plotted with 

their obtained centres. 
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