Abstract
Aman, Ronald L. A Minimal Surface Perturbation Method for Global Surface
Registration of Unstructured Point Cloud Data. (Under the direction of Dr. Yuan-Shin
Lee.)
This thesis presents a minimal surface perturbation method for the surface registration of
unstructured point cloud data. The registration problem is applicable to many disciplines.
Computer vision (stereo vision), computer graphics, image processing, and reverse
engineering and quality inspection are examples of areas currently implementing surface
registration techniques. The surface registration problem is defined as: Given the
unstructured point cloud data sets, find the rotation and translation of one data set such
that the two sets are properly aligned in a single coordinate frame. Current techniques
fail to find global alignment in instances where the initial starting points are not
favorable. In this paper, the proposed method generates a “geometric handler” to
approximate the unstructured data sets using a small number of points capturing the
global shape of the data while reducing local variations or features. An iterative
searching method is proposed to minimize both the surface perturbation of point cloud
data and the orientation variation by using a self-organizing neural network. The
transformation of the geometric handlers is found using orientation invariant methods and
is applied to the original point cloud. Once the global registration is accomplished, a
local registration method is invoked requiring a search in local neighborhoods only. The
proposed method can be used for the global surface registration of overlapped
unstructured point cloud data sets. The presented techniques can be used in reverse
engineering and CAD/CAM systems for product development and surface generation

from scanned data.
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Chapter 1. INTRODUCTION

Computer Aided Design (CAD) models are an integral part of design and
manufacturing today. They are used for development, testing and generating tools for
manufacturing. Typically these models have been developed by a user drawing in a CAD
program and take long periods of time for complex models. Reverse Engineering (RE) is
a process which can generate CAD models by copying an existing part in a relatively
short period of time, however one significant problem encountered in this process is that
of data alignment of multiple dense point cloud sets. In this chapter, a brief introduction

to the surface registration and data alignment problems is presented.

1.1 Introduction

Computer representation of objects is an important step in the design and
manufacturing process today. Parts designed using CAD programs and systems provide
an accurate model of the part for visualization allowing the user to identify problematic
areas prior to expensive manufacturing. The computer model also provides a
representation that other computer programs can use to generate tool paths for machining,
analyze or estimate part performance, or perform quality inspection using a measuring
device. Typical steps of generating a new part, including CAD model, for manufacturing

are displayed in Figure 1-1.
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Figure 1-1. Typical computer model generation steps.

Computer models are typically generated by a user drawing in a CAD system, but
can also be generated using a process called Reverse Engineering (RE). The RE process
involves capturing data from an existing part, processing the data to reduce noise, fitting

a surface or other representation to the data, and finally creating the model for use in



computer systems. Models created in this way closely represent the part used as a
pattern, or the ‘as built’ state.

Reverse engineering has many uses in design and manufacturing. Computer
models generated using RE represent the part in the as built conditions, taking into
consideration operations related to the manufacturing of the part (i.e. draft angles on sand
cast parts, etc.). Reverse engineering parts today can take as little as a few hours,
reducing costs significantly. In addition, parts that are defective from the standpoint of
manufacturing inspection can be evaluated in analysis software (Finite Element Analysis,
etc.) for final disposition. Potential scrap units may be evaluated as acceptable saving
time and resources.

Capturing part data can be accomplished in general by using either contact or
non-contact methods. Contact methods involve physical contact between the collection
device and the part. These methods include manually measuring the part by an operator
or Coordinate Measuring Machines (CMMs). Contact methods tend to be accurate, but
provide data that is irregular (not collected in a predictable path or interval). Also some
damage to the surface may occur because of the necessity of physical contact with the
probe or measuring object.

Non-Contact data collection involves scanners such as laser scanners, CT
scanners, MRI and stereovision equipment. The data collected using these methods are
more regular and tend to be less accurate. Large amounts of data can be collected in a
short period of time using these methods and can represent a large portion of the part

closely.
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Figure 1-2. Example where multiple scans are required to collect data

Collecting data poses a significant problem: How to collect the data representing
the entire part while dealing with the necessity to hold the part and move the scanner or
part relative to one another (Figure 1-2). An object must be scanned in several
orientations to fully capture the geometry of the object, and changing the orientation
results in changing coordinate frames (coordinate systems for each scan are based on the
world coordinate system of the scanner, which does not change). As a result, when the
data sets are displayed in a single coordinate frame there will be misalignment (Figure 1-
3). Some methods to resolve this misalignment include keys or small objects such as
spheres attached to the part to identify the rotation and translation between the data set
coordinate frames. This can be difficult and can obscure areas of the part that need to be

scanned. Other methods attempt to match overlapping sections by searching the data sets

4



for similar features or areas of similarity. This matching of overlapping sections is

referred to in general as pose estimation or registration.

Figure 1-3. Two point clouds in improper alignment



Registration of two overlapping data sets has several problems. First, registration
techniques employ a minimization strategy to minimize the distance between the two data
sets. Minimization techniques have a general tendency to become trapped in suboptimal
solutions. This problem is magnified when random error is introduced, as is the case
with many data collection techniques. Globally optimal solutions to the registration
problem are required to minimize user interaction in these applications.

A second problem is identifying point correspondences across the two data sets.
Point correspondence, used in the minimization of the distance between the data sets, is
difficult because it is highly unlikely that two data points in different sets represents the
exact same location of the model. In other words, even though the underlying surfaces
corresponding to two separate scans of an object are identical, the point clouds may not
coincide due to the difference in relative orientation of the scanning patterns. This
problem arises because of the discrete nature of data collection.

The surface registration problem is applicable to many disciplines. Computer
vision (stereo vision), computer graphics, image processing, and reverse engineering and
quality inspection are examples of areas currently implementing surface registration
techniques. Improved registration techniques will lead to more autonomous systems and
more accuracy within these systems.

In this thesis, a minimal surface perturbation method is proposed to solve the
global surface registration of unstructured point cloud data sets. Current registration
methods are capable of matching point cloud sets given a good starting position (the point
sets are nearly correctly oriented with respect to one another). Many times the starting

position of data sets is far from the final optimal registration. Current methods involve



minimizing the distance between the data sets; however this can lead to localized point
matching, not the ideal matching of the overlapping sections of the data sets. The
minimal surface perturbation method generates a geometric handler that approximates the
data set reducing surface deviations and reducing the impact of random error. These
geometric handlers are then registered thus finding an approximate registration of the

global shape of the sets.

1.2 Organization of Thesis

Chapter 2 presents a survey of previous work done in reverse engineering and
surface registration. Chapter 3 presents the point and surface registration problems and
the techniques to solve the registration problems. Chapter 4 presents the proposed global
registration method based on the use of a self-organizing neural network. Chapter 5
shows the computer implementation and some practical examples. Chapter 6 presents the

conclusions and a discussion of future work.



Chapter 2. LITERATURE REVIEW

In this chapter, the previous work related to surface registration in relation to
reverse engineering is presented. The related techniques of surface registration, including
surface fitting, surface segmentation, feature recognition, and surface matching along

with methods of surface registration are introduced.

2.1. Reverse Engineering

Reverse Engineering (RE) is the process of decomposing an existing part or
system to gain greater understanding of the characteristics or operations of the part or
system. In this study, it involves making a copy of an existing object in the form of a
computer model for further analysis, design or manufacturing use. Creating the computer
model involves several major steps including capturing the data, segmenting the data into
regions, fitting surfaces to the segmented regions, and creating the CAD representation
for use in various operations. For a complete introduction into reverse engineering, see
the review work done by [Varady 97].

CAD models can be generated based on presumed design intent, similar feature
size and expected dimensions as estimated from a point cloud [Fisher 04]. Identification
of features and determination of the designer’s intent such as similar feature size,

perpendicularity, tangency, and placement is done using Euclidean distance metrics.



Huang and Menq (2003) present a system by which a CAD model is
reconstructed from multiple point clouds [Huang 03]. The system includes shape
recovery, mesh segmentation and CAD model construction. The shape recovery is
performed by estimating parameters in a local area by utilizing a nearest neighbor
algorithm to search for points located in the neighborhood. These points are then used to
estimate parameters such as surface normal and local curvature. These parameters are
used for the segmentation and shape recovery.

Yau et al (2000) discuss the reconstruction of point data for complex 3D models
where the overlapping points in each point cloud must be eliminated to maintain density
requirements [Yau 00]. This is especially important in the case where a tessellated model
is a step between integration of the points and creating a surface. Li ef al (2002) present
a rapid manufacturing process where a point cloud is used to generate a tessellated
surface for rapid prototyping [Li 02].

To define a computer model, Benko et al (2002) present numerical methods of
constrained fitting in reverse engineering where primitives as well as sweeps are used
[Benko 02]. A set of normalization and shape constraints are used in conjunction with
external geometric constraints for fitting surfaces. The implementation uses a list of
constraints to be applied to primary surfaces that have been identified by some technique,
and point data that has been previously segmented for the various surfaces.

Choosing consistent constraints for generation of a model by incorporating
auxiliary objects is presented in [Langbein 04]. They use primary (existing surfaces, etc)
and auxiliary (construction lines, etc) objects to describe certain regularities during

construction (such as is done by a user in a CAD program for construction). A list of



regularities that may be present based on the primary and secondary objects is determined
individually and the list is examined to find inconsistent constraints. The inconsistent
regularities are then rejected.

Thompson et al (1999) present a method for generating a computer model based
on features from a point cloud of data for reverse engineering [Thompson 99]. User
specifies regions where features exist to build the model. The features are defined by use
of individual primitives and some combinations of primitives (e.g. two different sized
coaxial cylinders represent a counter bore). This system is limited to several types of 2

15-D features.

2.2 Surface Registration

In the past decade, research in the field of surface registration has primarily been
conducted for computer vision or metrology [Tucker 03a]. Surface registration
techniques may be broken down into several categories. Methods related to the Iterative
Closest Point (ICP) method are the most popular. Other methods include Newton
methods, neural network methods and surface signature methods. In the following

sections the related methods used for surface registration are discussed.

2.2.1. ICP Methods

Besl and McKay (1992) presented a method of registration called Iterative Closest
Point (ICP), of which many variations are widely used today [Besl 92]. This method
finds a closest set of points in each data set and considers these as corresponding points.

The rotation and translation of one set is found by use of a quaternion-based algorithm.
10



Other algorithms such as Singular Value Decomposition (SVD) are acceptable substitutes
for the quaternion-based algorithm [Besl 92]. This method is applied iteratively until the
sum of square distances between the data sets is minimized (square distance function is
used to eliminate problematic negative values). The determination of the related points in
each data set (those which are the closest) is problematic. In this case, they use those
points that are closest by Euclidean distance. This can create some problems if the data
sets are poorly aligned early in the process, leading to a locally optimal registration.

This method has been expanded with many different variations. Some reduce the
computation time of finding the point sets by choosing a small subset of each total point
set to compare. Several methods have been proposed including uniform sampling of
points [Turk 94], random sampling of points [Masuda 96], and high deviation of the
estimated surface normal [Rusinkiewicz 01]. Chen and Medioni (1991) use an
approximation to the source points normal to find the intersection of a ray with the
opposite surface [Chen 91]. Blais and Levine (1995) used the view of the scanner to
create a ray from the point to the scanner and intersect this ray with the opposing surface
[Blais 95].

The ICP method is currently considered the state-of-the-art matching algorithm
because of its simplicity and its capability. This algorithm can be implemented for many
different types of surfaces and points and in 3 and 2 dimensions. The algorithm however,
is susceptible to noise in the data and requires a close approximation of a starting point

for a good registration. For a good survey of ICP methods see [Rusinkiewicz 01].
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2.2.2 Newton Methods

Tucker and Kurfess (2003a, 2003b) present a pure Newton’s method approach to
the registration problem [Tucker 03a, 03b]. This technique uses various Newton methods
including full Newton, Quasi-Newton, and Gauss-Newton methods to minimize the
squared distance between a cloud of points and a surface by solving a Taylor’s series
expansion of the distance function using first and second order derivatives to find the
registration. These methods are faster than the ICP method, but are applicable for point
to parametric surface registration. Like the ICP methods, these methods must have an
accurate initial approximation to converge to the correct registration.

Gunnarsson and Prinz (1987) present a technique implementing a Newton method
[Gunnarsson 87]. They used a finite difference computation approximating derivative
data that significantly increased computation time as the number of points grew [Tucker

03a].

2.2.3. Surface Signature Methods

Yamany and Farag (2002) present a method of using surface signatures to identify
corresponding areas within data sets [Yamany 02]. A surface signature for each point is
generated containing an angular and distance relationship to every other point on the
surface. The surface signature uses the curvature at each point requiring an accurate
estimate of this parameter. In the case of parametric surfaces, this is not a problem. In
the case of noisy data, estimating surface curvature accurately is problematic.

Other surface signature methods focus on generation of a signature which is

invariant of rotation and can identify localized regions of similarity. Chua and Jarvis
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(1996), Johnson and Herbert (1999) and Stein and Medioni (1992) all generate a
signature map of the data which can be used for registration [Chua 96, Johnson 99, Stein
92]. The difficulty with these methods is finding a robust surface signature, especially in

noisy data.

2.3 Surface Fitting

Many research results have been published regarding the fitting of surfaces, for an
introduction to surface fitting see the books by [Zeid 91, Piegl 95]. More complex
surfaces and more complex methods to fit surfaces have been published recently. Wang,
Chang and Yuen (2000) present a fuzzy distance function to identify feature regions and
fit surfaces to a human model [Wang 00]. The surface model is maintained as a polygon
mesh. Patrikalakis and Maekawa (2002) provides theory and algorithms for constructing
Bezier, B-Spline and NURBS curves and surfaces [Patrikalakis 02].

Recently proposed techniques use neural networks for development of surfaces
estimating point cloud data. Knopf and Al-Naji (2001) use a Bernstein Basis Function
Neural Network to fit curves to closed cross sections of bone from a CT scan [Knopf 01].
The curves are then extended to surfaces by connecting sequential segments. Barhak and
Fischer (2001) create a method of parameterization based on neural networks and PDE
techniques [Barhak 01]. They use a self-organizing map to parameterize points in a point
cloud and generate surface using an adaptive parameterization method. More details of

neural network techniques will be discussed in a later section.
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2.4 Surface Segmentation and Feature Recognition

Surface segmentation and feature recognition are very closely related.
Segmentation is defined as partitioning the set of all points in a data set into » regions
containing m points such that the union of all regions is the point set, and every point
resides in exactly one region [Yokoya 89]. In general, segmentation techniques can be
divided into five categories; Thresholding, Edge-Based, Region-Based, Range Data
Segmentation, and Neural Network [Zhongwei 03].

Besl and Jain (1987) developed a method by which an image was viewed as a
piecewise smooth surface [Besl 87]. Zhongwei and Shouwei (2003) present a method
which fits a Non-Uniform Rational B-Spline (NURBS) surface using an ordered point
data set as control points [Zhongwei 03]. The surface normal and curvature are evaluated
on the surface represented by a 2D image. The regions can then be determined by

finding areas of similarity within the image.

2.5 Neural Networks Techniques

Artificial Neural Networks (ANNs) are modeled after neural networks found in
nervous cells in organisms [Aliev 01]. The connections between the nervous cells
provide a path by which electrical signals are transmitted. Each signal transmitted,
varying in intensity among the nervous cells, along with number of transmitting cells
creates a combined output signal. This output signal has some interpretation at another

location receiving the signal.

14



ANNSs are a computer implementation simulating the live connectivity between
nervous cells. An input signal is directed to a node which depending on the input
generates an output. The neighboring nodes also receive the input and generate an
output. The combined signals are sent to another layer of nodes, which acts similarly.
Any number of central layer nodes may exist. A final set of nodes known as the output
nodes creates the necessary output signal based on the input and the combined actions of
the central nodes. Figure 2-1 shows an example 2 hidden layer feed forward neural
network. There are a large number of different ANN implementations; several popular
versions are the backpropagation of errors, radial basis function, and self-organizing

maps [Aliev 01].

Hidden layers (2)

Input Output

v

Figure 2-1. Example 2 hidden layer neural network.

Neural networks have been used recently in finding approximate solutions to non-
linear problems. Examples include segmentation of data, identification, image
processing, pattern recognition, surface registration, robotics control systems and speech /
word recognition [Kecman 01]. Wachowiak et al (2002) present the use of a Radial Basis
Function neural network to estimate the registration of medical images, including the

registration from a patient to an atlas [Wachowiak 02].
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Qian and Li (1992) present a method using a binary Hopfield neural network to
register complex images [Qian 92]. The network used to identify interesting point
matches within each image. The point matches are then used to find the rotation and
translation transformation that leads to the lowest energy as defined by difference
between the images in the overlapping area. Piraino et al (1994) applies a feed-forward
back-propagation neural network to determine the rotation and translation matrices
[Piraino 94]. This method was found to be accurate for linear space transformations, but
the necessity of point-to-point correspondence reduced its feasibility. Also non-linear

transformations were found to be not as accurate.

2.6 Summary

In this chapter, the related techniques for reverse engineering and surface
registration have been discussed. Reverse Engineering plays an important role in the
development of CAD models. Models created in this way closely approximate the
original pattern, and can be created in a relatively short period of time. However a
completely automated RE process does not exist. Because a failure at the early stage of
the reverse engineering process can jeopardize the final outcome, it is important to
eliminate possible catastrophic errors. One specific area early in the RE process where
the failure occurs regularly is surface registration. Failure to find the global registration
of two point sets will result in significant errors in the final model. Following is a
proposed minimal surface perturbation method for the global registration of unstructured

point cloud data.
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Chapter 3. REGISTERING DATA FOR REVERSE
ENGINEERING

In this chapter, a new method for surface registration is presented. A definition of
the surface registration problem, background regarding collection of point cloud data,
data processing as related to the registration problem, and a new method of registration

utilizing a geometric handler are presented in the following sections.

3.1 Problem Statement

In the global surface registration problem, two problems are intertwined. The first
problem is to identify those portions of the data sets that overlap in a meaningful way,
and the second one is to find the transformation that creates a best fit merging of the
overlapped portions. This thesis primarily focuses on the second.

Consider two sets of coordinate points P and Q containing n and m points
respectively,

P={p1,p2,ps, . puipi€ R} (1

and

O=1{q1,9% @G> s qmi g € R} )
Assume the data sets are completely overlapped and the data sets are generated using a

non-contact scanner yielding a regular data set (i.e. the density of the point clouds does

not change significantly through the data). Find a rotation matrix R as a function of 4,
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6,, 6. and a translation vector T as a function of ¢, #,, % such that the distance F satisfies

the following conditions:

F(R, T)=X(p;i— Rq; +T)* p;c Pand ¢;c O (3)
R=f(6, 6, 6)*° )
T=(t,t, t)" (5)

Minimizing F(R,T) refers to overlapping portions of data sets P and Q, where &
represents an angle of rotation about the respective axis, and ¢ represents a transposition
along the respective axis.

Minimization techniques employed may lead to local optimal solution when
conditions are unfavorable [Tucker 03a, Besl 92]. Unfavorable conditions include poor
initial starting locations of the data sets, significant noise in the data and existing outliers.
A global shape recognition and registration will reduce the effects of the noise as well as
local surface shape changes, thus reducing the importance of the starting point for the

correct registration.

3.2 Contact and Non-Contact Point Cloud Data Collection

Data representing an object is normally collected in what is called a point cloud.
Point clouds generally consist of a number of Cartesian space vectors originating at the
origin and ending at the intersection of the part. In 3D data collection, it is normally

described in terms of an x coordinate, y coordinate, and a z coordinate. Thus

p=ixyz xyzek (6)
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represents a point in space where a line originating from the origin intersects an object.
The set of points described by equation (1) provides a discrete representation of an

objects surface in 3 dimensions (Figure 3-1).

Figure 3-1. Regular point cloud collected using laser scanning

Generally point clouds can be obtained from two data acquisition classifications,
contact methods and non-contact methods [Varady 97] (Figure 3-2). Contact methods of
data acquisition involve physical contact between the part and the data collection
apparatus. Because of this contact, non-rigid surfaces may be damaged or deformed

when measured using these techniques.
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Data Acquisition Classes

N

Non-contact Contact
methods methods
CMMs Manual
measurement
Optical Acoustic Magnetic
Laser, Ultrasound MRI
Structured
light, etc

Figure 3-2 Data Acquisition Classification

Coordinate Measuring
Machines (CMMs) are very
widely used examples of contact
data acquisition methods. Figure
3-3 shows the lab set up of a
Brown and Sharp Validator
CMM for contact type data
collection. These machines can
be programmed to follow a
predetermined path to collect

data, or manually manipulated by

an operator to collect data points Figure 3-3 The lab setup of the Brown and Sharp Validator
CMM for the contact data collection method
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[Groover 02]. The data collected using CMMs is often used for inspection purposes in
metrology. Because these machines are built as rigid structures and because of the
physical contact between the measuring instrument and the part, random data error is kept
minimal (as compared to non-contact methods).

Non-contact methods of data collection include optical devices such as laser
scanners, structured lighting, and image analysis, acoustic methods such as ultra-sound
and magnetic devices such as MRI. Figure 3-4 shows the lab setup of a Roland Picza 3D
laser scanner for 3D point cloud data collection. Example part can be scanned and the
3D point cloud can be recorded and collected from the 3D laser scanner. These methods
are capable of collecting large, dense point clouds. In general, non-contact collection

methods tend to have more random data error than contact methods.

AL

Figure 3-4. The lab setup of the Roland Picza 3D laser scanner
for data collection of on-contact data
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Data is considered regular or structured if the interval between points is
predictable in some way. Non-contact data is normally collected such that a small
distance separates each collected point in a sequential pattern (Figure 3-5). The result is a
dense structured point cloud representing an object (Figures 3-5 and 3-6). The scanner in
our lab is capable of collecting point data at 0.008inch intervals and has an accuracy of

approximately 0.009inch.

Figure 3-5. Dense point cloud of the
Stanford bunny captured using
optical scanner.
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Figure 3-6. Simulated collection routes of 3D point data.

Regardless of the care in collecting data, some errors will occur. The random
errors in the data are often referred to as white noise or noise. These errors occur for
many reasons such as vibration in measuring equipment and changes in the atmosphere.
This noise is problematic when attempting to generate a smooth, continuous and accurate
representation from discrete point data.

In addition to noise, other sources of error occur [Varady 97]. Occlusions occur
when a scanner is unable because of orientation or blockage to digitize a portion of the
surface of the part, as shown earlier in figure 1-2. In addition, part geometry may play a
role in occlusions. Through holes are notoriously problematic because of a step
discontinuity to infinity. These occluded areas must be dealt with carefully to ensure

accuracy. Several methods exist to predict the surface location in these areas.
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3.3 Data Preprocessing

In this section, the techniques of data processing practices are discussed.
Processing of data may be necessary to correct for some inherent problems in the data
such as noise, occlusions and outlying points.

Once data is collected in point clouds, it may need some processing to remove
noise and outliers or to restore areas of missing data. Many filtering approaches exist to
reduce high frequency noise. Reducing noise should be avoided during early stages of
reverse engineering to minimize the elimination of good data points, especially in sharp
corners. Noise in the data is not removed in the minimal surface perturbation method of
registering point data because of the difficulty in discerning noise from accurate data.
Elimination of accurate data, especially in areas such as corner points where there is a
significant change in the surface direction, is unwanted.

Identifying outlying points is important in the data processing step. Outlying
points can be quantified differently, but in general they are considered a single or small
group of points lying a significant distance from the majority of the points. These points
may be errors caused by the data collection method, such as when a through hole is
digitized using a laser scanner, or may represent real data from a distant surface. To
minimize the impact of the registration caused by outlying points, our geometric handler
will not consider points located a given distance from the mean surface.

Other data preprocessing steps in reverse engineering include creation of a
tessellated surface over the point cloud. A tessellated surface is comprised of triangle
segments linking each of the points in the point cloud. This is accomplished by finding

the two nearest neighbors of a point and creating a triangle. Tessellated surfaces are used
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in Rapid Prototyping (RP) as input to build RP models. The tessellated surface is also
useful for segmenting data because of built in relationships between triangle surfaces, and

the ease of which one can estimate parameters such as surface normal and curvature.

3.4 Data Registration

Many current registration techniques are based on minimizing the distance
between some set of points in each cloud. Minimization techniques have a tendency to
become trapped in local minima while searching for the global minimum. This may
require registration attempts using many different starting positions to find the correct
transformation, or require outside user input to identify a good starting position. Correct
transformation and resulting registration is necessary to eliminate user input for
completely automated tasks such as quality inspection.

Local registration techniques have been developed and enhanced such that
computation is relatively fast [Besl 92, Tucker 03]. Global registration has not been as
fully studied. The tendency of current algorithms to find sub-optimal solutions leads to
user interaction as preferable substitute to searching for the global registration.

For the minimal surface perturbation method, a geometric handler is created for
each set of data. The geometric handlers are then examined for areas of similarity. Once
areas of similarity are identified, registration of these areas is completed using
mathematical methods. After the global registration is determined and applied to the
point cloud, a local registration method is applied to complete the registration. These

steps are discussed in the following subsections.
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3.4.1. Generating the Geometric Handlers

To process unorganized point clouds, the “geometric handlers” is proposed for
quick and efficient handling of huge amounts of data [Aman 04a]. The geometric
handlers are a surface approximation aimed at finding global shape of the point cloud
data. The geometric handler is a smaller set of points with some connectivity between
the points that can be used to reduce the size of the data set to be registered while
maintaining the overall topology (global shape) of the point cloud. The characteristics of
interest for this geometric handler are; maintenance of the global shape, organization of
the points, connectivity amongst the points, and capable of use for registration. As will
be explained in further detail in Chapter 4, the Kohonen self-organizing neural network
provide these attributes [Aman 04b].

Assuming we now have two sets of ordered points we set out to determine R and
T to minimize the distance between each data set. In the following sections, methods for

registration of organized point data will be presented.

3.4.2 Determining the Registration

Several methods may be invoked which can determine the rotation and translation
of two organized point cloud sets [Pirano 94, Arun 87, Besl 92]. The Singular Value
Decomposition (SVD) is invoked in this research because of the potential expansion of
this work to 4 dimensions. The method is reviewed here for completeness, for more
details [Arun 87]. Alternatively the quaternion method used in [Besl 92] is equally

acceptable.
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The SVD method requires the calculation of a cross-covariance matrix for
subsequent decomposition into eigenvectors. The maximum eigenvector corresponds to
the rotation which minimizes the deviation of the points in the two data sets. The cross

covariance matrix is determined after finding the centroid of each data set:

1<
Pc:_zpi (7)
n o

1 n
Qc_;;qi (8)

The cross-covariance matrix, H, is then:

H=%" (p.-F) (¢,-0.) ©)

The cross covariance matrix, H, can then be decomposed into three matrices using a
process called singular value decomposition:

H=UAV" (10)
where U and V are orthonormal 3x3 matrices representing the eigenvectors, and A is a
3x3 non-negative diagonal matrix of singular values. Each orthonormal matrix along
with the corresponding singular value represents the principle axis of a hyper-sphere
deformed into a hyper-ellipse. Multiplying the two orthonormal matrices then results in a
rotation corresponding to the rotation of the axis of the hyper-sphere to the principle axis
of the hyper-ellipse. The rotation matrix R can then be determined:

R=vU" (11)
Once the rotation matrix R is found, the translation vector T of the data sets can easily be

found as follows (Figure 3-7):
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T'=0.-RF, (12)
Where Q. and P, are defined by equations (7) and (8). This system can be iteratively
applied to get a closer approximation to the registration, however since this is a global
approximation to the registration, the local registration will used to optimize the
registration. More details of searching for the global optimal surface registration will be

discussed in Chapter 4.

P. (Dotted)

Figure 3-7. Description of rotation and translation

The cleanliness of this method is based on the point clouds having an ordered
correspondence to one another. In general, point clouds rarely have such
correspondence. This makes the use of the geometric handler a very important part of
using this method. The geometric handler should create an ordered point cloud capable
of having correspondence across multiple data sets. The Kohonen self-organizing map

described in Chapter 4 performs this function.
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3.5 Summary

In this chapter the geometric handler and the formulation of the surface
registration problems have been discussed. The geometric handler is used as a global
approximation of the point cloud data to eliminate problems such as point order and
noise. Details of generating the geometric handler and the minimal surface perturbation
method of registering unstructured point cloud data will be discussed in the following

chapter.

29



Chapter 4. MINIMAL SURFACE PERTURBATION
METHOD FOR REGISTERING UNSTRUCTURED POINT
CLOUD DATA

In this chapter, the minimal surface perturbation method for registering
unstructured point cloud data is discussed. The previous section discussed the method by
which an ordered point cloud containing the same number of points, with point
correspondence is registered. This chapter will focus on the generation of the geometric

handler and the metrics by which it is developed.

4.1 Introduction to Geometric Handler

Given two data sets of points, a geometric handler, or surface approximation, is
generated by use of a self-organizing neural network to represent each data set. Each
geometric handler is a smaller set (typically < 1/100™ the size of point cloud in number)
of points (weights) that represents the point set on a global level. This approximation
captures the overall shape of the data set and represents fewer surface undulations and
local surface features (Figure 4-1). This reduces the opportunity for the registration

algorithm to become stuck in a local minimum.
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Figure 4-1. Point cloud of 15,400 points and geometric handler using a 10x10 grid.

The geometric handler registration will lead to a global registration of the point
clouds. The relatively large distance between points in the geometric handler leads to
errors in the registration. Performing a local registration using the neighborhood found

by the geometric handler improves the registration.

4.2 Geometric Handler Creation

In this paper the geometric handler is generated by use of a Kohonen Self-
Organizing Map (SOM) Neural Network. Self-organizing refers to the ability of the
neural network to take a random array of points and generate an organized (sequentially
mapped segments) array of points approximating the input with no traditional neural
network training [Kohonen 96]. Here the input is a point data set. For clarity, the data
sets of P and Q are called point sets and the points organized by the neural network are

called weights.
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4.2.1 Initialization of the Weights

The weights of the neural network are represented as the intersection of any two
lines in figure 4-2 (a-f). The weights for each geometric handler are initialized to a
starting value. For the purpose of this research, random weight values were assigned for
generality (Figure 4-2a). In practice, a more suitable approach to initialization may be
choosing random points within the data set for faster convergence.

Weight ;; € R’ (13)
Initialization of the weights is done once for each geometric handler at the beginning of
the algorithm.

As shown in Figure 4-2, once the weights are initialized, the weights are
iteratively moved in an organized fashion to more accurately represent the data. In
Figure 4-2(a), the initial point cloud is displayed in the top left. The initial random
weights are displayed in Figure 4-2(b). In each step, a random point is chosen from the
point cloud and a neighborhood of weights is moved toward the chosen point. Each step
is repeated a set number of times. Figure 4-2(c) shows the weights after 25 iterations. As
the number of iterations increases the amount the weights move and the neighborhood
size decreases, as shown in Figures 4-2(d) and (e). This leads toward a convergence to

the global shape of the point cloud (Figure 4-2(f)).
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e) after 250 iterations

¢) after 25 iterations — weights organizing but self- f) after 1000 iterations — final state
intesecting.

Figure 4-2. Self-Organizing map during training. a) point cloud data,
b) random weight positions at the beginning, c) after 25 iterations, d)
after 100 iterations, e) after 250 iterations and f) after 1000 iterations
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Figure 4-3. Dense data set with geometric handler

4.2.2 Geometric Weight Updating

To approximate a point cloud data set, a randomly chosen point from the data set
is input to the neural network. The neural network finds the closest weight and ‘updates’
this weight and a neighborhood of surrounding weights to more closely represent the
input point. The process is repeated a set number of iterations.

The neural network is applied in two stages. In the first stage the neighborhood is

larger and the ‘update’ is more significant. In the second stage the neighborhood
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includes only the weight on each side of the closest weight, and the amount ‘updated’ is
reduced. In each stage the update amount is reduced as the cycle progresses.

Updating occurs in the following way: The distance d between the randomly
chosen point and the closest weight is calculated (this can be either positive or negative).

The neighborhood weights y are moved by an amount determined by the update function:

y=y+K*(d)*T (14)

= e—(number of points away from center of neighborhood)

K = linearly decreasing damping value (learning rate)

The starting neighborhood is defined as the smaller of the width of the weight array or the
length of the weight array. The neighborhood is reduced in equal amounts regularly until
only the immediate points surrounding the chosen weight are updated. In the case where
the neighborhood is 5 points, the update values range from 1 at the center point to .243 at

the edges.

Figure 4-4. Update Function Neighborhood Factor

Update as a m0.8-1
percentage of
distance 0o06-08
b0.4-0.6
m0.2-0.4
mo0-0.2
nuber of 5 4
points away -1 1 - number of
-3 3 .
from center -% points away

from center
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The learning rate K plays an important role in generating the geometric handler.
If the learning rate is too low, the map may be unable to overcome a self-intersecting
situation. If the learning rate is too high the geometric handler may become self-
intersecting. In general this value is assigned a starting value in the neighborhood of 1.0,
and decreases linearly to a smaller value near 0.1 for the first phase. For phase two the
learning rate starts near the value where phase 1 ended and decreases towards 0.

Each phase (phase 1 and 2) are performed a specified number of times. Phase 1
has a larger impact on the global shape of the geometric handler. Phase 2 enhances the

local approximation.

4.3 Parameter Estimation

Parameters of the geometric handler can be estimated using segments between
weights. Each weight represents a corner of a polyhedron. The normal vector at each
corner of the polyhedron is found by use of cross product. The 4 normal vectors for a
specific polyhedron are averaged and the result is unitized. This is used as the estimate
of the normal vector for the polyhedron.

The normal vectors of the polyhedrons are used to estimate the change of normal
vectors across two polyhedrons. The dot product of the two normal vectors provides an
estimate of the change and thus an estimate of the curvature in that region, this is referred
to as the angle defect at the vertex. Because the regions are relatively large, this estimate

of the curvature is related to global curvature.
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The parameter estimations can be used to identify areas of similarity. The
organized structure of the geometric handler makes it easy to navigate from potential

matching pairs in one data set to neighboring pairs.

€2

Ni=e;Xe
~ P 1 2 1
N el e3

N2:e3X62

€4
N3=e4Xe3
N4261Xe4

normal at P = % (N;+N,+N3+Ny)

Figure 4-5 example of estimating surface normals at the vertex.

4.4 Algorithm

In this section the algorithms implemented for testing the proposed method are
described. Figure 4-5 shows the flow chart for the algorithm for creating the geometric
handler. For the geometric handler creation, a random point from the point cloud is
chosen, the closest weight is found and the weight neighborhood is updated. The amount
the weights are moved during each iteration is then reduced, and at specified intervals the
number of points in the neighborhood is reduced. At this point another random point is
chosen and the process continues until the specified number of iterations is reached.

Once the geometric handler is generated, the registration method of SVD is
invoked. If the registration error (the difference between the geometric handlers) is large,

a poorly fitting geometric handler was generated. For this case, the geometric handlers
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are regenerated using different parameters (learning rates, neighborhoods, number of
weights, etc). When an acceptable registration is found it is applied to the data set,

merging the two. Details of these algorithms are shown as follows:
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Figure 4-6. Creating the Geometric Handler
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Algorithm I. Geometric Handler Construction Algorithm

e Number of weights to represent data.
e Datain x y z format
e Number of iterations for Phase 1 (P1)

e Number of iterations for Phase 2 (P2)

Output — 2-dimensional array of weights representing original data

Step 1. Chose a point at random from point set.

Step 2. Find the weight closest to the chosen point.

Step 3. Update the weight (for x, y and z)

K = stepping variable a7
A = learning rate (18)
D(x) = K * A*(point— weight) (16)
weight = weight + O(x) (15)

Step 4. Update the weights surrounding the closest weight using ®.

weight(i,j) = weight(i,j) + (8 * D) (19)
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f is an exponentially decaying factor as
distance from the closest weight

increases

Step 5. Perform steps 1-4 a preset number of times (125)

Step 6. Update K linearly from 0.9 to 0.1 by oK.

K=K-3K (20)

8K = (0.9-0.1) / (P1) 1)

Step 7. Perform the steps 1 through 5 P/ times (phase 1 iterations)
Step 8. Repeat the above steps updating only one weight on each side of chosen

weight in step 5, and updating K linearly from .1 to 0.

8K = (0.1-0.0) / (P2) (22)

Step 9. Repeat steps one through seven for the second data set.
END.

The Geometric Handler Creation Algorithm is used to generate the set of appropriate
weights for the point cloud data sets for the optimal surface registration. The weights are
iteratively improved by equations (15) and (19). The procedure continues until a set of good
weight assignments has been reached. The generated weights are then used to search for the
optimal global surface registration by the following algorithm, SVD Registration of the

Geometric Handler. Details of the Algorithm II are shown as follows:
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Algorithm II. SVD Registration of the Geometric Handlers.

Input -
Two data sets, P and Q, with an equal number of weights (n)
generated by the Geometric Handler Construction Algorithm
above.

Output —

Rotation and translation matrices

Step 1. Find the centroid of each data set P and O, p. and g..

pe=(1/n) Zi p; (23)

g. = (1/n) Zi gi (24)

Step 2. Calculate the cross covariance matrix H

H=2(pi-p)'(qi-q.), i=1..n (25)

Step 3. Find the singular value decomposition of H

H=UAV" (26)

Step 4. Calculate rotation matrix R

R=VU". (27)
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Step 5. Find the translation vector

T() =qc— R()pc. (28)

Step 6. Repeat steps above to minimize the sum of squares error.

END.

Algorithm II is used to find the rotation matrix and translation vector for the
transformation of the geometric handler for data set P. The centroids of the weight set
are the average of the values of all the weights. Then as shown in Arun et al (1987), two
sets of data, one a rotation and translation of the other, will have the same centroid.
Determining the rotation involves finding three matrices, two orthonormal and one
diagonal matrix with all positive values that when multiplied together yields the matrix
H. The two-orthonormal matrices can then be multiplied to come up with the rotation
matrix. The rotation matrix can then be applied to the centroid of one data set and

subtracting the two will yield the translation vector.

4.5 Summary

In this chapter, detailed techniques and algorithms of the optimal surface
registration have been presented. The geometric handler construction algorithm can be
used to find a globally approximating surface for the unorganized point cloud. The SVD
registration of the geometric handler can be used to find the surface registration between
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the geometric handlers. In the following chapter the implementation and examples are

presented.
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Chapter 5. COMPUTER IMPLEMENTATION AND

EXAMPLES

In this chapter, the computer implementation will be presented. Details regarding
the results and displays of geometric handler are presented. Example parts showing good

results and those which were evaluated during testing are presented.

5.1 Implementation

Implementation of the proposed method was done in Microsoft Visual C++ 6.0
run on a Pentium 3 866Mhz PC. A partial scan of a furniture part was made using a laser
scanner. The interesting portion of the scan was cropped and the resulting data set copied
and rotated for testing. The resulting scan contained 15,400 points and was approximated
using a 10x10 grid of weights. The data set and resulting geometric handlers are
displayed in Figure 5-1. The transformation was determined and applied resulting in a
sum square error (SSE) of 49.708. The mean square error (MSE) was 0.00331, resulting

in an error of approximately 3%.

SSE=Y%" (pi—q,)’ (29)

2

MSE = Zi:I (pi _qi)

(30)
n—1
Table 5-1 Results of testing

No. of points | No. of weights | CPU Time | SSE MSE SVD SSE
441 100 (10x10) 45 seconds | 4.40 0.00998 | 2.71
15400 256 (16x16) 5 min 20 | 50.407 | 0.00331 | 49.1587

sec
15400 144 (12x12) 2 min 27 | 51.444 | 0.00337 | 49.1587

sec
15400 100 (10x10) 1 min 5 sec | 49.708 | 0.00331 | 49.1587
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Figure 5-1. Registration of furniture part.
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Comparisons were made with the straight SVD method where the points were
known to correspond within the two data sets. The SSE of 49.1587 for the SVD method
reflects error added to simulate noise in the data (normally distributed centered about
zero with standard deviation of 0.05).

Testing of the map generation revealed several important factors. First, outliers
play a significant roll in the generation of the geometric handler. As Figure 5-2 shows, a
point located below and to the left looking at the image pulls the geometric handler away
from a global approximation to the point data. This results in a poor geometric handler
being created. Restricting the maximum amount a point can move in one iteration
eliminates the incorrect mapping (Figure 5-3).

Other areas of concern regarding the point cloud approximation are self-
intersecting surfaces. If the geometric handler weights are poorly located and a poor
starting point is chosen to update the weights, the mapping crosses over itself and may
not be able to re-organize based when the self-intersection occurs. If the self-intersection
occurs early in the map generation when the neighborhood is still large and the learning
rate is still relatively high, the map has a high probability of re-organization (Figure 5-4).

The later the self-intersection occurs the less likely the map will correct itself.
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Geometric handler makes

a poor approximation

because of outlying point

Figure 5-2. Generation of a poor geometric handler caused by outlying point.
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Figure 5-3. Good approximating map after restricting weight movements.
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Figure 5-4. Self-intersection occurs early in the map creation process. As is shown in figure 4-2, the geometric handler
corrects the self-intersection and correctly represents the point cloud data.

5.2 Examples

Following are examples which were created using the proposed algorithms and
implemented in C++. Note the close relationship between the global surface
approximation and the point cloud. Figure 5-5 shows the 20x20 geometric handler
approximating the Stanford bunny. The areas of low point density have relatively little
impact on the geometric handler. Figure 5-6 shows the 20x20 geometric handler without
the point cloud overlay. Figure 5-7 shows a similar 20x20 grid including surface normal

approximations.
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Map is less
dense in areas
where
occlusions exist

Figure 5-5 Exmple geometric handler on the Stanford bunny utilizing a 20x20 grid.
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tructed geometric handler without the point cloud.

Figure 5-6 the cons
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the geometric handler
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Figure 5-7 Example part with surface normal approximations.

The geometric handler does a good job of approximating the point clouds. As
seen in Figure 5-8, the details of the furniture part create very little change in the surface
estimated by the geometric handler. This smoothness creates fewer details for the
registration to become trapped. The result of the reduced surface perturbations is that of
fewer wild surface normal changes in small regions caused by random data error. This
allows better global surface approximation.

Figure 5-9 shows two geometric handlers of similar parts. Figure 5-10(a) shows
the geometric handler (20x20) approximating the furniture part. Figure 5-10(b) shows

the same part with the 20x20 geometric handler with added surface normal

53



approximations. The normal approximations accurately display the smooth change of the

overall shape of the point cloud without rapid changes caused by noise.

Figure 5-8 A global approximation of a point set using the geometric handler.
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Figure 5-9 Two furniture parts with geometric handlers prior to registration

Figure 5-10a. Geometric handler with a 20x20 grid approximating 15,400 points

55



Surface normal
approximations do
not change radically
in a short distance

Figure 5-10b a 20x20 geometric handler with a good approximation and surface normal approximations.

Further examples for registration were generated by scanning a die-casting mold
(Figure 5-12) using the Roland Picza scanner in our lab. The scan was performed in a
planar fashion, collecting data from only one side of the mold resulting in 20800 points
collected. The scan was then copied and rotated to simulate a scan from a different
orientation. A 15x15 mesh geometric handler was used for the registration (Figure 5-11).
The resulting error between the two data sets was .0011202inch(overall dimension of
mold 4.5inch x 4.5inch). Further examples of the die-cast mold using a 20x20 grid and a

12x12 are also shown (Figures 5-17 and 5-18).
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Figure 5-11 Die-casting mold scanned using laser scanner in Industrial Engineering Metrology Lab.

Figure 5-12 Die-cast mold used for scanning.

A 4-inch vent hose was also scanned in the Industrial Engineering Metrology Lab

for testing. The vent hose has an interesting shape because of the flexibility and contains
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many surface perturbations (Figure 5-14). The global shape of the hose is captured using
a 15x15 mesh grid representing 9119 points (figures 5-13 and 5-15). The registration
error between all corresponding points is 0.0007656inch (overall dimensions 4inch x 5
inch). The registration was run several times on the same data with similar results. In
some cases the error was larger, to 138.858inch total (Figure 5-16). This resulted in an
average error of .015inch per point in the data set, well within the local minima area of
the proper registration solution. Ten registration trials yielded an average total error of
154.14inch (sum of the square root of the square Euclidean distance between
corresponding point pairs) and an average point error of .0169inch (total error / number

of points) using a 15x15 grid.

Grid size

15x15 10x10 6x6 4x4 3x3
Average point error
Of 10 registration iterations 0.016903 0.010884 4.46E-09 6.3E-09 7.7E-09

Table 5-2 Average corresponding point errors for different size grids
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Figure 5-13 Vent hose scanned and registered using 15x15 mesh

Figure 5-14 Picture of vent hose used as scanned example.
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15 Side view of vent hose data points after registration.

Figure 5

16 Vent hose example with error per point of .015inch

Figure 5
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Figure 5-17 Die-cast mold cavity registered using 20x20 grid

Figure 5-18 Die-cast mold cavity registered using a 10x10 grid
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5.3 Summary

In this chapter, implementation and practical examples have been presented. The
registration of the furniture part, die-cast mold and vent hose as well as generation of
geometric handlers for various parts have been shown. The registration of the geometric
handlers is similar in errors to that of the straight SVD approach and demonstrates the
capabilities of this approach to find the surface registration of unstructured point cloud

data.
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Chapter 6. CONCLUSION

6.1 Conclusion

In this paper, the “geometric handler” and the “minimal surface perturbation
method” have been proposed for the global registration approximation of unorganized
point cloud data sets. Initial results of the minimal surface perturbation method are
promising. Given two unstructured overlapping data sets, a geometric handler is
generated to approximate each data set. The geometric handler has an organized
structure such that neighboring points are easy to identify. Using this structure, a
transformation can be found to minimize the distance between the geometric handlers.
This transformation can be used as a starting point for other registration methods.

The proposed method reduces the impact of noise in any data point on the
registration of two data sets. The “geometric handler” is capable of approximating noisy
data as well as data that is not ordered sequentially as is the case with many data
collection techniques. Registration of unstructured and noisy point cloud data has been a
problem in the reverse engineering field. The presented techniques can be used in
reverse engineering and CAD/CAM systems for product development and

manufacturing.
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6.2 Future work

The point cloud approximation allows us to easily find the estimated surface
normals and a representation of the curvature of the global object. This and similar
surface properties will be required to register two point clouds that have only a partial
overlap. To extend the proposed method for handling such data sets, the geometric
handler may provide a convenient starting point. Typically, local matching of surface
properties based on tessellated models requires some form of sub-graph matching. By
first using the sparser geometric handler, this step can be speeded up significantly to
obtain an initial, crude registration. In the future research, the exploration and
implementation of this method is forthcoming.

The geometric handler takes a considerable amount of time to generate. Finding
other means of approximation or ways to reduce computation time of the current method

are important topics to consider going forward.
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