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ABSTRACT

This thesis introduces a new robust and high precision methodology and cor-
responding techniques for reconstructing three-dimensional (3-D) views of real
objects from one single two-dimensional (2-D) image. The reconstruction pro-
cess relies on obtaining the two dimensional image of a real object from a camera,
on which a colour coded structured light is projected. The method does not require
any g-priori knowledge of the absolute positioning or orientation of the camera
and the projector which illuminates the scene with the colour coded structured
light. Prior to the 3-D reconstruction steps, a calibration process is used to pro-
vide a high precision calculation of both the camera’s and the projector’s intrinsic
and extrinsic parameters. These parameters are essential to the 3-D object re-
construction technique as introduced in this thesis. The structured light is used
to determine unique patterns on the object’s surface. The lines provide a series
of control points which once extracted from the object’s 2-D view, are used in
the creation of Non-Uniform Rational B-Spline (NURBS) curves in 2-D. Those
NURBS curves are then projected into space to eventually re-create a 3-D surface.
The technique’s precision depends on the structured light sampling rate adaptation
on the object surface. In a recent test, a 7 tau (thousands of an inch) precision was
achieved with a relatively smooth object.

The thesis will focus on the 3-D reconstruction of an object based on its single
2-D view. The approach proposed is end-to-end since it handles all the steps
necessary to go from a 2-D view of an object to its modelization using NURBS

curves and eventually to a surface in 3-D which can be manipulated with 3-D



editing software on a computer monitor. The thesis’s results are applicable to
many domains. One of those domains is the CAD/SLA systems for manufacturing
applications. Furthermore, NURBS surfaces can compress the 3-D image of a real

object in a very efficient manner.

it
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Chapter 1

Introduction

Creating the three dimensional (3-D) representation of an object or a set of ob-
jects (a scene) inside a computer can be done using different image processing
techniques. Each varies in terms of precision, costs, computational requirements
and advantages in regards to what can and can’t be reconstructed. Low cost tech-
niques, with the advent of low cost and very high resolution cameras, are ex-
tremely appealing from a research point of view and normally rely on the pro-
cessing of one or multiple bi-dimensional (2-D) images. The problem researchers
try to solve is to re-create the scene in 3-D using the information content of 2-D
images. This thesis introduces a new methodology to solve the problem of 3-D
object reconstruction based on the projection of a colour encoded grid and the
reconstruction of the object in 3-D using a network of NURBS curves, which are
used in conjunction with the Gordon surface Algorithm to effectively capture the

real 3-D topology of the object.



1.1 The Goal

This thesis addresses the following problem: generate a 3-D object inside a com-
puter based on 2-D images. There are several ways one can choose to accomplish
this. Therefore, it is important to know the basic assumptions made in order to
narrow down the problem space.

The first assumption is that the technique must rely on low-cost equipment.
With sufficient funding, it is possible to obtain a laser system to recreate a 3-
D object with very high precision. However, it is important to explore low-cost
alternatives. One of the most inexpensive solutions is to capture information about
an object using a camera. With the advances made in the design of digital cameras,
it is now possible to get a 6.3 mega pixel digital SLR camera for $1,450. The
availability of such high precision, low cost equipment can be leveraged to solve
the problem of recreating an object in the 3-D space.

The second assumption is that stereo fusion is used. Stereo fusion recreates the
3-D content of an image through triangulation. The estimation process requires
the knowledge of the global position and orientation of each camera, as well as
the model of the camera and the correspondence between all the feature points
of both images. Stereo fusion can be active or passive. For this thesis, an active
stereo fusion process is used.

In an active setup, one of the cameras is replaced by a projector which illumi-
nates the scene with a structured light pattern image. The structured pattern can
be made out of dots, lines, grids, or any other pattern. The choice of the pattern is
often dictated by the application domain. For example, in a cookie factory where
cookies are baked on a conveyor belt which runs at high speed, a line pattern can

be used to illuminate the cookies. A camera will be used to rapidly estimate the



height and shape of each cookie.

There are a lot of similarities between active and passive stereo fusion meth-
ods. In the active stereo fusion model, the projector acts as a second camera with
a pre-fixed image. The correspondence between the camera and the projector is
obtained by matching the pre-fixed image with the one viewed by the camera.

The third assumption is that a software calibration technique is used to further
limit the cost and also simplify the set up required. The less the amount of hard-
ware required, the easier it is to setup the required environment. Furthermore, the
calibration of the system is a requirement of the proposed methodology to result
in a high precision of the 3-D reconstruction of an object.

A fourth assumption is that a high precision has to be attained by the system.
The use of an active stereo system allows the technique to be of high precision
without the need of an expensive setup. An active stereo system is necessary to
obtain sub-pixel accuracy in establishing a correspondence between the camera
and the projector’s view. The system uses a digital camera to capture the object.

A fifth assumption is that the camera used has a much higher resolution than
the projected image. This allows the camera to be effective at capturing the pro-
jected line information.

The last assumption is that one can control the lighting and other environmen-
tal conditions while the 3-D capture occurs. While some methodologies would
trade precision in order to be able to capture the 3-D information of an object in
any environment, this is not the case here. The algorithm is also limited to situ-
ations for which a light can be projected and accurately perceived by a camera.
There are situations where either the light will not reflect well on the object, or

the ambient light causes the projected pattern to be non-retrievable by the camera



or by the computational algorithm chosen.

Figure 1.1 depicts the general setup proposed in this thesis. It contains a pro-
jector, a camera, a rotating table, an object and a computer. The projector sends
a structured light on the object by illuminating a transparent film which has the
structured information printed on it. This scene is picked up by the camera and
the information is processed by the computer to generate a 3-D view. The rotating
table can be used to get different views of the object. The combination of all the

views would recreate the full object in 3-D space.

Figure 1.1: The general setup for 3-D capture is composed of a rotating table, a

projector, a camera and a computer.

1.2 The 3-D Object Reconstruction Approach

This work focuses on using the 3-D information contained inside a single view
of an object on which the pattern is being projected. Multiple views of the object
could be merged to generate a more complete understanding of the object in 3-D.
However, this last step to be taken in the 3-D object reconstruction algorithm is

outside the scope of this thesis.



The methodology and the techniques developed and proposed in this thesis
are based on the standard “active stereo fusion” approach. It differs from most of
the other “active stereo fusion” methods, which rely on point mapping between
the camera view and the image projected. The approach proposed herein relies
on modelling the objects using Non Uniform Rational B-Splines (NURBS) and
using their projective invariant properties to recreate the object in 3-D. Thisis a
new methodology in 3-D object reconstruction. It was introduced and used by the
author of this thesis in [40].

With an active stereo fusion approach, ambiguities can exist when establishing
the correspondence between the structured light projected by the projector and the
image perceived by the camera. The order in which the dots, strips or grid are
projected may not be perceived correctly by the camera. One can have problems
locating a particular dot, strip or grid from the captured image. The ambiguities
in finding a correspondence between the image and the structured light can be
removed by encoding the projected pattern [41]. The methodology proposed in
this thesis relies on Pseudo Random Colour Encoding of a grid pattern to eliminate
ambiguities in the recovery of the 3-D estimates. This is also a new technique
introduced by the author in [38].

The encoding is done in 2-D and therefore allows the camera to know the exact
relationship between the grid it perceives and the grid projected by the projector.
At the intersections of the grid lines, a point mapping can be obtained. However,
the system relies more on line mapping to generate the 3-D content of the object.

The computing complexity required by the preprocessing step is greatly re-
duced by illuminating the object. Traditionally, this is done by either one of the

following methods:



1. Calibrating the position of the cameras with a known object: the object must

contain easily recognizable features, or

2. Complex search in 2-D space from the image in order to find correspon-
dences. This method usually involves correlations of areas around the points

of interest, for example edge or corner points.

Eventually the method 1 has to be used if a complete model of the 3-D world
has to be generated (global orientation). The method 2 is sufficient if a scaled
version is acceptable (relative orientation). The structured light has the advan-
tage of simplifying both methods 1 and 2. It provides easily recognizable feature
points. The method which determines those feature points is the same for both the
calibration and reconstruction processes.

The method proposed here for 3-D reconstruction involves the following steps:

Step 1 Calibrate the camera by using a known object which has a Pseudo Random
Colour Array printed on it. That encoded grid is the same as the one used

by the projector.
Step 2 Calibrate the projector by illuminating the object of step 1.

Step 3 Place an object properly inside the volume of interest and illuminate it with
the structured light without modifying the camera’s and the projector’s lo-

cation.

Step 4 Match the projected lines obtained by the camera with the ones from the

projector’s image.

Step 5 Fit the NURBS curve through each grid line obtained in Step 4.



Step 6 Project the NURBS curves in 3-D uvsing the calibration parameters.

Step 7 Reconstruct the NURBS surface using the network of 3-D NURBS curves

obtained in step 6.

The accuracy of the approach will be measured by the following steps. To
begin with, the accuracy of the calibration will be demonstrated. The precision of
the calibration will be determined by analyzing the precision of the location of a
cloud of points with known 3-D world coordinates.

Then the accuracy of the 3-D reconstruction will be assessed. Simple objects
with precise 3-D coordinates are captured by the system for the precision of the
reconstruction to be assessed. The objects are used to verify how the system

handles flat surfaces, curved surfaces and edges.

1.3 Contributions

The major contributions of this work are:

 The first contribution is with the calibration process. The calibration process
in most techniques normally uses a different methodology than the method-
ology used for the 3-D reconstruction process to acquire feature points. The
approach proposed here has high precision in terms of feature extraction.
This high precision benefits both the calibration and the 3-D reconstruction

processes [39].

» The pseudo-random encoding technique proposed here used to map a struc-
tured light pattern is unique. It is a grid composed of lines which are colour

coded using a pseudo random multivariate sequence (PRMVS) [40]. The

8



PRMYVS removes ambiguities when registering information contained in the
images viewed from the camera and the projector. This form of encoding
allows the methodology to match the whole line as opposed to only match-
ing interest points such as intersections or other meaningful feature points

located on an image.

The 3-D reconstruction process doesn’t generate a cloud of points but in-
stead generates a 3-D NURBS surface. This kind of surface is more eas-
ily manipulated by a computer than a cloud of points and it conveys more
meaning information. If multiple views are to be used, then a network of
3-D NURBS curves is also a lot more meaningful in terms of 3-D informa-
tion than a cloud of points. Finally, a network of 3-D NURBS curves can be

viewed as a way to compress the 3-D information obtained from the image.

Feature extraction with the proposed algorithm does not rely on single points
but instead relies on the information contained on a grid line. Furthermore,
the feature extraction uses a parametric representation which adapts to any
shape, from linear lines to free hand drawing. Most methods rely on the
matching of points between the left and right images to create a depth value
at that point. This limits their ability to work at sub-pixel accuracy. To work
at sub-pixel accuracy, those methods must rely on multiple views registra-
tion. Multiple views registration is not a substitute for the real sub-pixel

feature extraction which is proposed in this thesis.

The approach is global. It accounts for all the necessary steps to go from an
image of an object to its model obtained with NURBS curves inside the 3-D

world coordinate system. Several approaches do not use 3-D world coordi-



nates and instead rely on relative coordinates. By doing so, they minimize

the issues related to going from the relative to the absolute world.

Multiple minor contributions are also generated by the proposed algorithm.

» The proposed structured light also enables the calibration process. Most
structured lights cannot be used when performing calibration since they
rarely encode in 2-D. This characteristic is shared with some previous work
that was done with pseudo-random encoded binary arrays. However, the

accuracy of the current method is higher.

» Sub-pixel accuracy is possible with the proposed approach since it doesn’t
rely on the grid lines themselves but on the edges which constitute these

lines.

o This thesis does not rely on the line definition itself, but on the accurate
location of the edges on both sides of the line. This not only improves the
accuracy of the edge detection in 2-D but also generates a more accurate 3-
D image of the object. The 3-D reconstruction is improved because a line’s
true center is different in the 2-D view perceived by the camera than it is on

the 3-D object illuminated by the projector.

1.4 Thesis Outline

The thesis is structured as follows. In Chapter 2, a review of the techniques for
stereo fusion and structured lighting is presented.
The following chapter gives a primer on the mathematics and algorithms as-

sociated with NURBS curves and surfaces. NURBS forms the basis on which the
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3-D reconstruction process of an object relies.

Chapter 4 introduces the algorithm for creating a 3-D object at a high level.
It lists the steps needed along with the algorithms and techniques required for the
3-D reconstruction.

The structured light used in this thesis is encoded with a PRMVS. The sup-
porting theory for this type of encoding along with a description on how it is used
to recreate the object in 3-D is given in Chapter 5.

Chapter 6 deals with line and edge detection to sub-pixel accuracy, while
Chapter 7 discusses the 3-D reconstruction algorithm used. Chapter 8 explains
the calibration process proposed by this thesis. Chapter 9 shows the results ob-
tained for the calibration and with the reconstruction of 3-D objects with both

synthetic and real objects.
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Chapter 2

Methods for 3D reconstruction

Several methods are used to solve the problem of recreating a 3-D view of an ob-
ject from the information contained within two 2-D images. Barnard and Fischler
[5] along with Dhond and Aggarwal [17] analyzed some of the methods used for
stereo fusion. Jarvis [35] wrote a perspective on range finding techniques such as
structured lights, stereo fusion, focusing the cameras, camera motion, etc. More
recently, Salvi [67] wrote a report on the different codification strategies avail-
able in structured light systems. In this chapter, the structured light and stereo
fusion methods will be reviewed and a description of the newer techniques will be

presented.

2.1 Methods for Stereo Fusion

Establishing a correspondence between the matching points of a set of stereo
images is the most important and difficult step toward the reconstruction of the

observed 3-D scene. Matching strategies can be differentiated by the matching
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primitive and geometry used. The matching primitive selected differentiates the
area-based from the feature-based matching methods. Imaging geometry creates
a distinction between parallel axis and non-parallel axis stereo systems.

Dhond and Aggarwal [17] have described the difference between area-based

and feature-based matching as follows:

"‘Area-based stereo techniques use correlation among brightness
(intensity) patterns in the local neighborhood of a pixel in one im-
age with brightness patterns in a corresponding neighborhood of a
pixel in the other image. First, a point of interest is chosen in one
image. A cross-correlation measure is then used to search for a point
with a matching neighborhood in the other image. The area-based
techniques have a disadvantage in that they use intensity values at
each pixel directly, and are hence sensitive to distortions as a result
of changes in viewing position (perspective) as well as changes in
absolute intensity, contrast, and illumination. Also, the presence of
occluding boundaries in the correlation window tends to confuse the
correlation-based matcher, often giving an erroneous depth estimate.

Feature-based stereo techniques use symbolic features derived from
intensity images rather than image intensities themselves. Hence,
these systems are more stable concerning changes in contrast and am-
bient lightning. The features used most commonly are either edge
points or edge segments (derived from connected edge points) that
may be located with subpixel precision. Also feature-based methods
allow for simple comparisons between attributes of the features being

matched, and are hence faster than correlation-based area matching
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methods."’

P(x,y,2)

stereo baseline

Figure 2.1: Conventional stereo system.

The image geometry being used affects the stereo matching paradigm. The
conventional stereo system involves a pair of cameras with their optical axes par-
allel and horizontally separated. The stereo baseline denotes the horizontal dis-
tance between these. The cameras have their optical axis perpendicular to the
stereo baseline and their image scanline is parallel to the stereo baseline. Such a
system is shown in Figure 2.1.

In the conventional system shown in Figure 2.1, O, and O, represent the origin
of the left and the right cameras respectively, f; and f. represent their focal length,
and P, and P, show where the point P is located in both images. The point P is
the 3-D location of a point of interest.

The epipolar constraint is valid for each scanline in a conventional system.
This means that a point in a scanline from the left image is present in the corre-
sponding scanline of the right image.

The epipolar constraint simplifies the matching problem to one dimension.
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This explains why the majority of the stereo matching algorithms assume the va-
lidity of the epipolar constraint. However, this requires a stereo rig of very high
precision and, in practical situations, the epipolar constraint for each scanline is
generally not valid. A method to transform stereo images from a non-parallel
system to an epipolar constrained one is described by Lavoie [37].

Every method has to deal with half-occlusion points: points visible in one
of the image but not in the other. A recent overview [19] of different half-
occlusion approaches compared and described the following five methods: bi-
modality, match goodness jumps, left-right checking, ordering and occlusion con-
straint. The results indicate that, in general, the occlusion constraint method seems
to yield better results but that in textured images left-right checking yields better

results.

2.1.1 Area Matching

The area matching techniques attempt to match points from the left and the right
image by analyzing an area around each point and then by trying to establish a
correspondence between each area. Figure 2.2 shows the general approach used
by area matching techniques. In that figure, the grayed region in the left and right
image are found to have a high level of correlation and therefore are marked as
matching regions.

Most of the earlier work used a simple correlation measure around points of
interest to match neighborhoods of points. To improve the results, Moravec [49]
used a coarse-to-fine technique. Initially, an interest operator is used to identify
feature points. For each feature point from the left image, a search is made in

the right image at various resolutions (x 16, X8, ..., x1) starting from the coars-
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Figure 2.2: Area matching

est. At each resolution, the position yielding the highest correlation coefficient is
enlarged to the next resolution. The process continues until the resolution x1 is
reached. A disparity was found for each of the feature points with such a tech-
nique.

Further improvements were made by Gennery [22] who developed a high-
resolution correlator which gave better results and also was able to estimate the
accuracy of the match in the form of a variance and a covariance of the point (z, y)
of the match in the second image. Other improvements include the ones made by
Hannah [28] who was able to obtain subpixel matching by parabolic interpolation

of correlation values.

2.1.2 Relaxation Process

Rosenfeld and al. [62] proposed a fairly general model for scene labeling called
relaxation labeling. To match stereo pairs using relaxation labeling, a set of fea-
ture points (nodes) are identified in each images. The problem involves assigning
unique labels (or matches) to each node out of a list of possible matches. For each
candidate pair of matches, a matching probability is updated iteratively depend-

ing upon the matching probabilities of neighboring nodes. Strong neighboring
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matches improve the chances of weaker matches in a globally consistent manner.

Marr and Poggio [47] [46] used the neighborhood information of that match
primitives in a simple iterative scheme. A two dimensional network of nodes is
set up for each scanline pair in the stereo images. The horizontal and vertical
connections are described as inhibitory. The diagonal connections are termed
excitatory. All the horizontal and vertical nodes inhibit each other until finally
only one match remains on each horizontal and vertical line.

Barnard and Thompson [4] suggest to extract feature points (nodes) using the
Moravec[49] interest operator from each image. Each node in the left image is
assigned a set of labels that represent the possible candidate matches from the right
image within a disparity range. A relaxation process is then applied to impose
global consistency. The consistency of a node is given by a probability factor.
The iterative procedure used is continued until the probabilities reach a steady
state or a maximal number of iterations is reached.

Kim and Aggarwal [36] propose a relaxation scheme that combines three dis-
ambiguity constraints: continuity of disparity, figural disparity and smoothness of
probability (certainty) of matching. The matching probability corresponds to a

correlation factor.

2.1.3 Using Edge Segments

It has been shown by Ayache and Faverjon [1] and by Medioni and Nevatia [48]
that piecewise-linear approximation to connected edge points as a matching prim-
itive is a viable alternative to matching individual edge points (Figure 2.3). Linear
edge segments have some advantages over single edge points in the matching pro-

Cess:
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Figure 2.3: Matching using edge segments

» A positional error at an isolated point has little effect on the position and

orientation of the edge segment;
» Most of the edge points lie very close to the best fit of the edge segment;
e The edge connectivity constraint is always met.

On the other hand, the edge segments might be fragmented in the preprocessing
stage. Provision must be taken to allow a segment to match one, two or more
segments in the other image and vice-versa.

Two main approaches are used for edge segment matching: the minimal dif-
ferential disparity criterion [48] and the Ayache-Faverjon algorithm [1]. The main
differences between the two is that the Ayache-Faverjon method utilizes a gener-
alized non-parallel axis imaging geometry and uses disparity between midpoints
of matching line segments rather than average disparity between corresponding

points that lie on matching line segments.

2,14 Integrated Methods

Integrated methods are methods where the disparity map is obtained by joining
the information received from two or more different approaches.

Cochran and Medioni [10] developed a method where an area-based approach
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is fused with a feature-based approach. They use a coarse-to-fine approach. Ini-
tially, the feature and area-based methods are computed separately. Their results
are combined to form a dense disparity map. For the finer levels, the dense dis-
parity map of the previous level is used to improve the matching.

Maitre and Luo [45] propose to combine the stereoscopic and monocular infor-
mation of a scene. Their stereoscopic information (the disparity image) is obtained
by any conventional stereo algorithm. The monocular information is used to gen-
erate homogeneous regions in the left and right images. A planar or quadratic
model of each region is made using the disparity map. The model is then used to
refine the disparity map.

Guerrero [25] combine the geometric description of the scene with informa-
tion about the image brightness. Doing so, they can compute the motion direction
of a camera from the brightness information on a straight edge. A heuristic filter-
ing is proposed to solve inaccuracies when they compute the local gradient of the
brightness. This allows Guerrero to consider topological relations between pixels
of lines and brightness information in motion computation.

Pajares [53] approaches the problem of local stereo-vision matching by using
edge segments as features with four attributes. A matching probability is assigned
between pairs of feature of the stereo images. He introduces a nonparametric strat-
egy based on Parzen’s window to estimate a probability density function which is

used to obtain the matching probability.

2.1.5 Dynamic Programming

Baker and Binford[2] use the Viterbi algorithm, a dynamic programming tech-

nique, to partition the stereo matching problem recursively based upon the con-

19



straint that a left-to-right ordering of edges is preserved along a scanline in a pair
of stereo images. A first pass is done to match half edges in the left image to
those in the right and vice-versa. A cooperative procedure then identifies surface
contours that are not continuous in disparity. Finally, an intensity-based Viterbi
correlation, performed between intensity pixels from scanline intervals lying be-

tween a match pair of edges, yields a denser depth map.

M

0,0) Left scanline

M.N)

Figure 2.4: 2-D search plane for intra-scanline search

Ohta and Kanade [51] use pixel intensities of scanline intervals (delimited by
edge points) to guide the intra-scanline matching search by dynamic-programming.
It is formulated as a path finding problem in a 2-D search space in which the hor-
izontal and vertical axes are respectively the right and left scanlines. The 2-D
search plane is shown in Figure 2.4. A cost function is associated with each par-

tial path. The edges are numbered from left to right on each scanline. The end
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points of each scanline are also numbered as nodes. The solution can be repre-
sented as a sequence of straight lines from node (0, 0) to node (M, N) where M is
the number of nodes in the left image and NV the number of nodes in the right im-
age. Next inter-scanline matching is done to impose consistency among matches
obtained at each scanline using edge connectivity.

Roy and Meunier [63] proposed a Dynamic programming method where the
cost function depends on the luminosity of each pixels. Their method generates a
dense disparity map from a sequence of two or more stereoscopic images. They
allow the camera displacement between each image to be any combination of

rotation and translation.

2.2 Methods Using Structured Light

In a laboratory or an industrial location where a secluded space can be created
and isolated from light variation, special lighting effects can be used to reduce the
computational complexity of passive stereo matching methods and to improve the
reliability of 3-D object analysis. This class of methods involves illuminating the
scene with a controlled light and interpreting the pattern of the projection in terms
of the surface geometry of the objects.

One of the controlled light schemes is to use a single ray of light scanned over
the scene. When the light source is displaced from a viewing TV camera, the cam-
era’s view of the stripe shows displacements along a stripe which are proportional
to the depth. A kink in the displacement indicates a change of plane and a dis-
continuity. A discontinuity corresponds to a physical gap between surfaces. The

proportionality constant between the beam displacement and depth is dependent
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Figure 2.5: Range measurement by a structured light approach.

upon the displacement between the light source and the camera. A more accurate
depth measurement can be made with larger displacements. One of the drawbacks
of this method is the need to analyze a huge sequence of images in order to obtain
a 3-D representation of the scene. More recently, Park [54] created a dual beam
version of the standard structured light algorithm.

The number of images to analyze is reduced by projecting multiple lines onto
the scene. However, line identification for tracing purposes becomes difficult.
The strips patterns are encoded to simplify the identification process. The en-
coding techniques used are colour coding[8], space encoding[59] [42], thickness
labelling [42] and identification by PRBS [77]. In the case of grid patterns, the en-
coding used can be colour coding, feature coding and the identification by PRBA
coding [74][71].

Will and Pennington[82] describe a method by which the locations and orien-

tations of planar areas of polyhedral solids are extracted through linear frequency
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domain filtering applied to images of scenes illuminated by a high contrast rect-
angular grid of lines. The edges are defined to be the intersections of the extracted
planes.

Chen and al. [9] proposed a method to reconstruct and model a polyhedral
surface of the scene using grid encoding. They model the polyhedral plane surface
based on a model first described by Tseng and Chen [76]. They then use sensitivity
analysis and a method to fuse line segments from different planes to refine the
modelling. The sensitivity analysis is a function based on the Normal Vector
estimation and the depth estimation.

A PRBA identification is used by Petriu and al. [71] to reconstruct a 3-D ob-
ject. This method finds the 3-D locations of all the intersection points of the grid.
It doesn’t model the surfaces on which the grid is projected. Petriu introduced the
idea to use De Bruijn sequences or Galois fields to code the location of points in
an area. That idea is applied to a colour grid by Lavoie [40] and also later on by
others [52].

Forster [21] projects a coloured structured light made of coloured lines and
uses the edges to compute a 3-D correspondence. He uses non-trivial Hamming
distance between adjoining patterns and binary values for each of the colour com-
ponents (0 and full) to obtain robust results.

Huynh and al [31] combines a novel calibration approach for stripe patterns
to simplify the shape reconstruction stage. The light stripes are encoded in binary
and are projected in succession on the scene: first all stripes are on, then only the
odd ones, then 4 consecutive, then 8, 16, 32 and finally 64 consecutive strip rows
are projected. This approach yielded for a fan object a mean deviation of 1.778

mm and a standard deviation of 1.220 mm.
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A method similar to Huynh was developed by Holt and Rusinkiewicz [26].
The method allows the capture of moving objects.. The precision of their real-
time system is under 0.1mm not taking into account outliers and distortion. The
precision for highly textured objects decreases to 0.2 mm. Other works with time-
multiplexing systems using structured light can be found in [23, 27].

Zhang and al [84] use colour coded strips of lights and a multi-pass dy-
namic programming algorithm which allows his technique to eliminate the global
smoothness assumptions and the strict ordering constraints often present. Their
approach can generate high-speed scans of moving objects from a single stripe
pattern. It can also generate high-resolution scans of static scenes using a se-
quence of time-shifted stripe patterns.

A review of the progress on the use of structured light to solve the correspon-
dence problem in stereo vision is given by Mouaddib and al [50]. This review
covers the use of structured light from 1982 to 1993. More recently, Salvi [67]
wrote a review of the different codification strategies used in structured light sys-

tems.

2.3 Hybrid Methods

In [37] a hybrid method is defined which use a structured light and two camera
views to reconstruct an object in 3-D. The structured light was encoded using a
PRBA.

The encoding of the structured light removed most of the ambiguities in match-
ing the left and the right camera views. It relied on a robust method developed by

Zhang and al. [86] to estimate the fundamental matrix F'. The F' matrix gives the
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relation between the location of two different views of the same scene.

Definition 2.1. The epipolarization process consists of aligning the images such
that a match between the left and the right image along each scan-line can occur,

i.e. the epipolar constraint becomes true.

The estimation of the fundamental matrix F' allows the epipolarization of the
input images. Once the epipolarization is performed, a dynamic programming
technique is used to match pixels between the left and right camera view. Dynamic
programming is a fast and optimal method to determine an optimal path. In the
case of that thesis, the optimal path was the disparity between points from the left
and right images.

Zhang and al. [85] propose a new hybrid method based on his earlier work
with colour stripe structured light. Their work extends the traditional binocu-
lar stereo problem into the spacetime domain, in which a pair of video streams
is matched simultaneously instead of matching pairs of images frame by frame.
Their approach can be used to augment the quality of a reconstruction of any
stereo matching system by replacing the image matching algorithm with a space-

time algorithm.

2.4 Multi-View Registration

The methods presented above create in most cases a single view of the object.
The object being scanned or the camera must be moved if a different view of the
object is to be obtained. This creates multiple views of the object and the process
to integrate all those views to form a single surface representation of the object is

multi-view registration.
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There are currently off-the-shelf software which can be bought that will auto-
matically register cloud of points and create an integrated view based on the multi-
view information. Two such products are named Cyclone [13] and RapidForm[33].
These products also have the ability to triangulate the resulting clouds for further
processing by Computer Aided Design (CAD) systems.

There is a well known methodology [7] to perform multi-view registration
called Iterative Closest point (ITC). This method consists of iteratively minimize
the mean square error between points in one view and their closest point in an
another view. An improvement over the ITC approach is proposed by Silva and
al [69]. In their approach, they use Genetic Algorithms to optimize the search
in a space of transformations. Their approach improves on the ITC methodology
and also guarantees that the approach will converge to a solution. Their approach
requires a set of corresponding points between two views.

Recently, Sharp and al [68] create a new methodology to register range data
from unknown view points. They separate the local problem of pair-wise registra-
tion and the global problem of minimizing the distribution of accumulated errors
inside the integrated view. The strength of their approach is that it doesn’t rely on

the knowledge of corresponding control points.

2.5 Conclusion

3-D object reconstruction involves trade-off between speed, quality and precision.
The literature offers a wide range of methods to recreate an object or a scene in
3-D from a set of images, and this with or without the use of a structured light.

Those methods all have shortcomings when it comes to the problem of recreating
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an object with a smooth texture.

One of the features (or problem) of the techniques used in the literature is that
they work mostly pixel by pixel except for feature based matching techniques.
This means that the pixel is the input from which a 3-D location is determined.
This prectudes subpixel accuracy methods, and the ability to infer knowledge from
the structure of the image itself to recreate a 3-D object. Feature based matching
techniques do not rely on pixel matching, but are limited to edges seen from the
camera view and have problems inferring the 3-D information when the object is
smooth and has relatively no features.

In an industrial setting, objects being measured are often smooth and texture-
less. Passive stereo fusion methods do not provide enough information to fully
re-create these kinds of objects. Dynamic stereo fusion methods must be used
instead. Current techniques in dynamic stereo fusion often require the a-priori
knowledge of the extrinsic and intrinsic parameters of the camera and the projec-
tor.

The work presented in this thesis solves the problem of only using the pixel
as the unit for 3-D object reconstruction. A colour encoded grid is projected onto
a surface which adds features on smooth objects and also enables the calibration
process to work to a great precision. The grid information viewed by the camera
can be computed to subpixel accuracy. Because it relies on the information con-
tained on a line instead of a single pixel, the 3-D reconstruction process is more

precise than a per pixel methodology.
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Chapter 3

Non Uniform Rational B-Splines

One of the key concepts introduced by this thesis to solve the 3D object recon-
struction problem is the use of NURBS curves and surfaces that allows one to
model a line or a surface using a parametric representation. NURBS have useful
properties which make them suitable for the 3D object reconstruction problem.
For example, commercial entities such as RSI [64] or Raindrop Geomagic [32]
use NURBS to reverse engineer a 3-D model by reconstructing a NURBS sur-
face from a cloud of points. The NURBS surface model is then used inside CAD
systems for manufacturing or entertainment purposes.

The derivation of various NURBS related formulas and the algorithms associ-
ated with them are the essence of the work being done in this thesis. This chapter
provides an introduction to NURBS. It is followed by algorithms used to interpo-
late or approximate a set of points with a NURBS curve. These algorithms are the
theoretical foundation on which the 3D object reconstruction algorithm presented
here holds. Finally, a method to generate a NURBS surface based on a set of

points and on a set of curves is presented.
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3.1 NURBS Introduction

A three dimensional (3-D) object is composed of curves and surfaces. A method
is needed to represent the curves and surfaces in order to model accurately an
object. The two most common methods used are the implicit and the parametric
method [58].

The implicit method uses a function which depends on the axis variables and
is usually equal to 0. It describes a relationship between the axis variables. Given
a two dimensional Euclidian space F(z,y) where = € R represents the horizontal
axis and y € R represents the vertical axis. Then the function f(z,y) = z?+y?—
1 = 0 represents a circle of radius 1.

In the parametric method each of the axis variables is a function of an inde-
pendent parameter. In this form, a curve would be defined with the independent

variable u as

Clu) = [z(w), y(uw)] a<u<b

To represent the first quadrant of a circle in a parametric form, the equation

becomes
C(u) = [cos(u), sin(u)] 0<u< —g
or
1—uw? 2u
S e e <u<

This shows that the parametric representation of a curve is not unique.
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To visualize how a parametric curve is drawn, imagine that as time increases
a new point on the curve is plotted. In the function above, the time is represented
with the variable ¢, it goes from 0 to 1 and it generates a curve like the one in

Figure 3.1.

il
o
ol

Figure 3.1: A quadrant of a circle generated with C(u) = [i;}:i , 1—3;'—;-5] for0 <

t<1

By allowing the coordinate functions z(u), y(u) to be arbitrary, it is possible
to obtain a large variety of curves with the parametric form. A NURBS curve and
a NURBS surface are classes of parametric curves and parametric surfaces.

NURBS are being used for computational work because they are easily pro-
cessed by a computer, they are stable to floating points errors and having little
memory requirements and because of their ability to represent any kind of curves
or surface. They are the generalization of non-rational B-splines which are based
on rational Bézier curves. Finally, the rational Bézier curve is a generalization of
the Bézier curve, which is explained in subsection 3.1.1.

The material introduced in this chapter is mainly based on the theory and re-
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sults as given in [6, 15, 58, 43, 56, 57, 73, 72, 11, 14, 24, 20]

3.1.1 Bézier Curves

Bézier curves are parametric curves which are based on Bernstein polynomials

and are defined as follows.
Definition 3.1. The Bézier curve of degree n is defined as

Clu)=> Bin(wP, 0<u<l (.1)

i=0
The geometric coefficients P; € R are called control points. The basis functions

B, , are the classical nth-degree Bernstein polynomials defined as

Bin(u) = (1 —u)™ (3.2)

SRS
il(n —1)!
For interactive shape design, the control points of the Bézier curve convey a

lot of geometric information as seen in Figure 3.2.

Figure 3.2: A Bézier curve of degree 3.

The Bézier curves are incapable of representing conic curves. A conic curve
(such as a circle) can be represented using a rational function, defined as the ratio

of two polynomials such as
o) = g U= ) =

(3.3)



Definition 3.2. The rational Bézier curve is defined as

Z?:O Bin(w)w;

where the F; and B, ., are defined in Definition 3.1 and the w; € R are scalars

C(u) 0<u<l (3.4)

called the weights.

When the weight associated to a control point is varied, the resulting curve will
seem to be “attracted” or “repulsed” by that control point. This is best explained
with an example. Four Bézier curves are drawn in Figure 3.3. The only difference
between them, is the weight of the control point /. The weight of 0.5 makes the
curve go outside the boundary drawn by its control points. With the weight equal
to 1, the curve is equivalent to the one depicted in Figure 3.2. The weight of 2
tends to push the curve away from the second point and the weight of 10 pushes

it even farther.

Figure 3.3: The effects of changing the weight of the second control point with
w=0.5,1,2and 10.

A curve consisting of only one rational Bézier curve segment is often inade-
quate. The problems with a single segment range from the need of a high degree
curve to accurately fit a complex shape, which is inefficient to process and is nu-

merically unstable, to the need of interactive design for which a single segment has
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limitations concerning local control of the shape. To overcome these problems, a

piecewise rational curve is used.

3.1.2 B-spline Curves

A piecewise Bézier curve or a B-spline curve is constructed from several Bézier
curves joined together at breakpoints with some level of continuity between them.
Theorem 3.1. A piecewise Bézier curve is C* continuous at a breakpoint u; if
Ci(j )(uz) = C’i(i)l (u;) for all 0 < § < k where CY ) represents the jth derivative of
Ci. [58]
Such a curve is depicted in Figure 3.4.

T/uj Colw) 2 Cylu)

Ci(u) / N Ca(u)
w S

Figure 3.4: A piecewise rational Bézier curve.

-

The curve C(u) is defined on u € [0, 1] and it is composed of m = 4 segments
Ci(u) where 1 < ¢ < m. The segments are joined together at the breakpoints
ug = 0 < uy < ug < ug < ug = 1 with level 1 continuity.

The different control points composing the B-spline curve are shown in Fig-
ure 3.5. The circled control points are used in more than one Bézier segment. It
should be clear that storing these points more than once is not memory efficient. If
the curve is said to be C* continuous, then some of the points inside a Bézier seg-
ment are dependent on the position of the previous points to satisfy the continuity

constraint. Therefore storing these points in memory is not necessary.
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Figure 3.5: The Bézier segments composing the curve.

The equation of the B-spline should therefore be memory efficient and should
also allow for the local control of the curve, i.e. the basis functions should not be
defined over [ug, u,,,]. Instead, they should be constrained to a limited number of

subintervals.
Definition 3.3. 4 B-Spline curve is defined as

Clu) =) NP, a<u<b (3.5)

i=0
where F; are the control points and N, , are the pth degree B-spline basis func-

fions.

There are different methods to define the B-spline basis functions. They con-
sist of: divided differences of truncated power functions [12], blossoming [61]
and recurrence formula [11, 14, 15]. The recurrence definition is used since it is
well suited to a computer implementation.
Definition 3.4. Let the knots represent the breakpoints of a B-spline curve. Then
a sequence of those knots is the knot vector and it is defined as U = ug, ..., %y
which is a nondecreasing sequence of real numbers, i.e., u; < Uiy for i =

0,...,m of the form

U={a,...,0, U1, ., Um—pt1,0,...,b} (3.6)

pHl p+1
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Definition 3.5. The B-spline basis function of p-degree is defined using the recur-

rence formula as

1 ifu; L u<uip

Nip(u) =
0 otherwise
U — Uy Ujipr1 — U
Nip(n) = ———=Nip1(u) + — Ny, 1(w)  (B.7)
Uigp — Uy Uitp+1 — Ui+l

The above equation can result in a % quotient; that quotient is defined to be

Zero.

The B-spline curve of Figure 3.4 is presented with its control polygon in Fig-
ure 3.6. The control polygon is the polygon formed by joining the control points
P,

Figure 3.6: A B-spline curve with its control polygon.

3.1.3 NURBS Curve

As mentioned above, only rational functions can represent conic curves. There-

fore one could generalize the B-spline curve to obtain a rational representation.
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Definition 3.6. A NURBS curve is the generalization of the B-spline curve and it

is defined as
_ im0 Ni,p(u)%P i
Z?:O N’i,p (u)wl

where P; are the control points, w; are the weights and N,;, are the B-spline

C(u) a<u<b (3.8)

basis functions defined on the non-periodic and non-uniform knot vector defined

in equation 3.6.

Rational curves with coordinate functions in the form expressed in equation 3.3

have efficient processing and have an elegant geometric interpretation.

Theorem 3.2. Homogenous coordinates can represent a rational curve in n di-

mensions as a polynomial curve of n + 1 dimensions.

The homogeneous control points are written as P = w;z;, w;y;, w;2;, w;in a
four dimensional space where w # 0. To obtain P;, we divide all the coordinates
by the fourth coordinate w;. This operation corresponds to a perspective map with

the center at the origin.

Definition 3.7. 4 NURBS curve is defined using homogenous coordinates as

C¥(u) =Y Nip(u) P (3.9)

2==0
where P? are the control points in homogenous space and N, are the B-spline

basis functions defined on the non-periodic and non-uniform knot vector defined

in equation 3.6.

A circle can be represented with a NURBS curve. Its representation will con-
tain weight values different than 1 to be able to represent this shape. For in-

stance, the first quadrant arc shown in Figure 3.1 can be obtained using {P;} =

{(1,0),(1,1),(0,1)} and {w;} = {1,v/2/2,1}.
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3.1.4 NURBS Surface

NURBS are also used to represent surfaces.

Definition 3.8. 4 NURBS surface in homogeneous coordinates is defined as

SU(u,0) =Y Y Nip(u)Nj(v) P (3.10)

=0 j=0

where P forms a bidirectional control net, and N;,(u) and N;4(v) are the non-

rational B-spline basis functions defined on the knot vectors

U = {a,...,a0,u u b b}
1y - e o s Up—pkly Yy re oy

N e’ Neww e’
p+1 p+1

V o= {e,...,c, U1, Usegi1,d, ..., d}
g+1 g+1

wherer = n+p+1, s = m+ q+ 1 and the limits |a, b] and [c, d] are often set to
[0, 1].

3.2 NURBS Properties

NURBS curves and surfaces have useful properties when used to represent 3D
objects. NURBS curves and NURBS surfaces are both defined as functions of the
B-Spline basis function. It is thus important to understand the properties of the
B-Spline basis functions before the properties of a NURBS curve and a NURBS

surface are addressed.

3.2.1 Properties of B-Spline Basis Functions

The equation 3.7 is re-written here to facilitate the discussion:
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1 ifu, <u <y

Nio(u) = _
0 otherwise
U — Uy Uitp+1 — U
Nipu) = ———Njp1(u) + —————Nyp15-1(1)
Uipp — Uy Uigp+1 — Uitl
where U = uyg, ..., u, is a nondecreasing sequence of real numbers, i.e., u; <

uzyq for i = 0,...,m. U has the form defined in 3.6.

Here are some comments about equation 3.7 as noted by Piegl and Tiller [58]:

* N;o(u) is a step function which is non-zero on the half-open interval u €

[Ui, Ui—!—l)-

» For p > 0, N;p(u) is a linear combination of two (p — 1)-degree basis

functions.
» The equation can yield 0/0 and is defined in this case to be zero.

 The N; ,(u) are piecewise polynomials, defined on the entire real line; only

the interval [ug, un,] is of interest.

o The half-open interval {u;, u; 1) is called the ith knot span. It can have zero

length, since knots need not be distinct (just nondecreasing).

The important properties of the B-Spline basis functions are listed below.
These properties determine the many desirable geometric characteristics of B-

Spline curves and surfaces.

Property 1.1 N ,(u) = 0 if u is not inside {u;, ¥;4p41). This is the local support
property.
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Property 1.2 In any given knot span, [u;, u;11), at most p + 1 of the N; ,(u) are

nonzero.

Property 1.3 N, ,(u) > 0 for all 4,p and u. This is the nonnegativity property.

Property 1.4 For any knot span [u;,u;;1) the following equations holds true
Z;ci_p Njp(u) = 1 forall u € [u;,u;41). This is the partition of unity
property.

Property 1.5 Inside a knot span, [u;, u;41), all the derivatives of N ,(u) exist in

the interior of that span. At a knot, where k is the multiplicity of that knot,

N; p(u) is p — k times continuously differentiable.

Property 1.6 Except for the case p = 0, N;,(u) attains exactly one maximum

value.

3.2.2 Properties of NURBS Curves

The properties of B-Spline basis functions also apply to the rational B-Spline
basis functions. From Property 1 to Property 6 enumerated above, one can list the
following important geometric characteristics of NURBS curves assuming that

the curve is of degree p and that the knot vector goes from 0 to 1:
Property 2.1 C(0) = Ppand C(1) = P,.

Property 2.2 Affine invariance: an affine transformation is applied to the curve
by applying it to the control points. NURBS curves are also invariant under

perspective projections ([57, 43]).
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Property 2.3 Strong convex hull property: if u € [u;, u;41), then C(u) lies within

the convex hull of the control points F;_,, ..., F;.

Property 2.4 C(u) is infinitely differentiable on the interior of a knot span and is
p — k times differentiable at a knot of multiplicity k.

Property 2.5 Variation diminishing property: no plane has more intersections

with the curve than with the control polygon.

Property 2.6 A NURBS curve with no interior knots is a rational Bézier curve.
A NURBS curve can contain nonrational B-spline, and rational and nonra-

tional Bézier curves as special cases.

Property 2.7 Local approximation: if the control point P; is moved, or the weight

w; 1s changed, it affects only that portion of the curve on the interval u €

[’di, Uigp+1 )

3.2.3 Properties of NURBS Surfaces

A NURBS surface will have very similar geometrical properties than that of a
NURBS curve. Assuming that the NURBS surface has degree p in the u direction
and degree k in the v direction and that its control points form a n x m bidirectional

net, their geometric properties are:

Property 3.1 Corner point interpolation: S(0,0) = Py, S(1,0) = P4, S(0,1) =
Poyand S(1,1) = Py .
Property 3.2 Affine invariance: an affine transformation is applied to the surface

by applying it to the control points. They are also invariant under perspec-

tive projections.
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Property 3.3 Strong convex hull property: assume w; ; > Oforall ¢, 5. If (u, v) €
[Wigs Uig+1) X [Vjgr Vjo+1), then S(u,v) is in the convex hull of the control

points P ;, i —p < i < dpand jo — g < j < Jo.

Property 3.4 Local modifications: if P, ; is moved or w;; is changed, it affects

only the surface shape in the rectangle [u;, Us1pt1) X [V), Vjyge1)-

Property 3.5 Nonrational B-Spline and Bézier and rational Bézier surfaces are

special cases of NURBS surfaces.

Property 3.6 Differentiability: S(u,v) is p — k times differentiable with respect
to u at a u knot with multiplicity & and S(u,v) is ¢ — k times differentiable
with respect to v at a v knot with multiplicity &.

3.3 NURBS Curve Interpolation

The geometric properties mentioned in the previous section are very useful for
interactive shape design and they are also useful when fitting a NURBS curve to a
set of points. Local support and interpolation properties are especially important
for the problem of fitting points.

Fitting any curve through a set of points does not always appear correct visu-
ally but is correct mathematically since it minimizes a given formula, i.e. min-
imize the distance between the curve and the set of points. This is true for any
curves regardless if they are NURBS curves or not, but NURBS curve are usually
better suited for fitting then most other types of curves because of their geometric
properties.

This section looks at interpolation as a method of fitting a set of points with
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a NURBS curve. There are two general methods for the interpolation of a set of
points: global interpolation and local interpolation. Global interpolation solves a
set of functions by looking at all the points at once. Local interpolation looks at
a subset of points and creates a NURBS curve by adjoining pieces together using

some continuity constraint. In this thesis, only global interpolation is discussed.

3.3.1 Global Interpolation

The global interpolation method fits points globally.

Theorem 3.3. Given a set of points {Qx}, k = 0,...,n, the global interpolation

method determines the NURBS curve of degree p which interpolates these points.

An appropriate parameter value %, for each () needs to be chosen and an
appropriate knot vector U = wuy, . . ., U, selected such that a system of (n + 1) x

(n + 1) linear equations can be set up as shown in the following equation:

Qr=Cm) =) Nip(@)F; (3.11)
=0

The control points F; are the n + 1 unknowns. Let r be the number of coor-
dinates in the set of data points @y (typically 2,3 or 4). Equation 3.11 has one
coefficient matrix with r right hand sides and, correspondingly, r solution sets for
the r coordinates of the F,.

The choice of 7y, and U affects the shape and parameterization of the curve,
assuming, that u is bounded in [0, 1]. There are three common methods to choose

the Ty

» Equally spaced:
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Ug = U, =1
=1,...,

S O

Uy = k n—1

This method can produce erratic shapes (such as loops) when the data is

unevenly spaced.

¢ Chord length: Let d be the total chord length

d=>1Qk— Q1
k=1
then
g = 0
U, = 1

Up, = ﬂk_1+@-]":§—@k=1,...,n—~l

(3.12)

(3.13)

This is the most widely used method. It approximates a uniform parameter-

ization.
 Centripetal method: Let

n

d=73 10k — Qu]

k=1

then

HQ—"—“ 0

Uy, = 1

U= W+ VBl g n1
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This method gives better results than the chord length method when the data
takes very sharp turns.

Knots can be equally spaced, that is,

Ug=-"=U, =0 Upp=-""=1Up=1
° v o " (3.15)
uj+p:nT;Fi j=1,....,n—p

With equation 3.15, the knots reflect the distribution of the @;. Combining
equation 3.13 or equation 3.14 with equation 3.15 leads to a system of linear
equations (equation 3.11) where the coefficients can be represented with a totally
positive and banded matrix having a semi-bandwidth less than p (see [15]). This
means that N, (%) = 0if |i — k| > p. This system of linear equation can thus be
solved by Gaussian elimination without pivoting.

The (n + 1) x (n + 1) coefficient matrix of the system 3.11 is set up by

evaluating the nonzero basis functions at each Uy, k = 0,...,n.

3.4 Least Square Fitting

Least Square fitting can also be used to create a NURBS curve which fits the set
of data points (g, . .., Q@ in the least square sense. Let p be the degree of the
desired NURBS curve. It has the following properties p > 1 and n > p. The
variable n is the number of control points desired. Then the least square fitting

method is to generate a curve C(u) defined as

Clw)=> NipwP  uel01] (3.16)
i=0
and satisfying the following
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* Qo= C(0) and @, = C(1).

» The other ), are approximated in the least square sense to minimize the

equation
m—1
37 1@k — () ? 3.17)
k=1

with respect to the n + 1 variables P;. The {i;} are precomputed parameter

values.

Algorithm 3.1. Let

Rk = Qk - NO,p("—Lk)QO - Nn,p(ﬂ'k)Qm k= 17 see, M= 1 (3'18)

Then a system of system of n — 1 equations in n — 1 unknowns can be obtained

and is defined as

(NTN)P=R (3.19)
where
Nip(w) ... Npoip(@g)l
N = : 5 (3.20)
Nl,p(ﬂm—l) v Nn—l,p(ﬂm—l)
and
Nip(@) Ry + -+ - + Nip(Tn-1) B
R= : (3.21)
Np-115(@1) Ry + -+ + Nye11,p(Gm—1) Bm—1
and
Py
P = : 3.22)
Pn—l



Chord length parametrization can be used to obtain the set {4y} The knots

should respect this distribution. Let

m+1
d= ————- 23
n—p+1 (3-23)

then the internal knots can be defined in the range j = 1,...,n — p by

i = floor(jd) (3.24)
a = jd—i (3.25)
Upt; = (1 —a)l—1+ i, (3.26)

where floor returns the highest integer which is smaller or equal to the variable.

3.S NURBS Curve Approximation

There is another methodology to fit a curve to a set of points. NURBS curve
fitting goes through the set of points and contains at least the same number of
control points as the number of points to be fitted. When using approximation, the
number of control points that will be used to fit through the set {U} of points is
not known in advance. The curve will be fitted to satisfy a minimizing function,
i.e. reduce the distance between the curve and the points to be fitted. This type
of fitting is more difficult than least squares fitting. However, it often yields more
visually correct results within an error tolerance e.

The approximation methods are iterative in nature and can be global or local.
The global approach uses two methods. The first (Type 1) starts with a minimal
set of control points, tries to fit a curve with that number of points, then check if

the deviation is smaller than F everywhere. If it is smaller, it stops the iteration
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process. Otherwise, it tries to fit a new curve by increasing the number of control
points used for the fitting process and doing the process again.

The second method (Type 2), starts with a large number of control points and
makes sure that the error deviation is still lower then the accepted error deviation
E. If it is, it reduces the number of control points and fits a curve through this
reduced number of control points. It then does another check for error deviation.
If it is small enough, it continues the process of elimination.

The central process in the global methods mentioned above is that one must
fit a curve through a known number of control points. In order to do this, a non-
linear optimization problem can be set up with the control points, parameters (uy),
knots and even the weights as unknowns. The objective minimizing function must
measure the error in some way.

A type 2 method is explained in more details below. This method relies on
degree elevation and knot reduction to perform its fitting instead of least square fit

or non-linear approximation.

Algorithm 3.2. The general knot reduction algorithm defines u, to be an interior
knot of a pth degree non-rational curve C(u) where u, # u,11, and the multiplic-
ity of u, is s. Let e} (u) denote the curve obtained by removing one occurrence of
Up.

The new control points P! and P} after the removal of the knot u, are com-

puted from the left and the right by using the following equation.

PO — (1 —¢;)PL
poBoloedln L cicier—p-s-)
! (1—a)

%(2r—p—s+2)§j§r——s (3.27)
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with
Oﬁkz—-——-——u_Uk kz’&,j
U tpt1 — Ug
After removal, C(u) differs from C(u). Tiller [73] derives error bounds for

two cases:

e assume (p+s) mod 2 =0,setk = (p+ s)/2, and

By =Py — O‘T—kprl-—kﬂ -(1- ar—k)Prl—k—l (3.28)
where
Up — Up—f
Qpf ==
Up—ktptl — Ur—k
then

IC(u) = C(w)| < Negp(w)B,  for we0,1] (3.29)
* assume (p+s) mod 2=1,setk = (p+ s+ 1)/2, and
B, =|P' = Py (3.30)
then

IC(u) — C(w)] < (1 — @p_pi1) Nppr1p(w)B,  for we0,1] (3.31)

with
Up — Up_f+1

Yy pt1 =
Up—ftpt2 — Ur—p4-1

The above provides the deviation error computed by knot removal. One can
then create an algorithm which removes as many control points as possible while
keeping the e;, < e for all k representing the set of points {U}} and its associated
set of parameters {7 }. With the information above, a type 2 algorithm can be
defined.
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Algorithm 3.3. The algorithm to approximate data points within a certain error

bound € proposed by Piegl [58].
Step 1 Start with interpolating the points with a degree 0 NURBS rational curve.

Step 2 Use Algorithm 3.2 to remove as many control points as possible. The algo-

rithm accumulates the error deviations {e}}.

Step 3 Do a least square fitting through the data point using the knot vector ob-
tained in Step 2.

Step 4 Increase the degree of the curve obtained from the previous step.

Step 5 Go back to 2 until the degree has the degree p required.

The degree elevation approach has the following benefits:

« Geometric characteristics such as cusps and discontinuities in curvature in-

herent to the data, tend to be captured at the appropriate stage.
» The evolving curve tends to “settle” into a natural parameterization.

» The above algorithm reduces the wiggle in the final curve. A general rule
when globally fitting large numbers of points is that the higher the degree

and the more knots (interpolation being the limit), the worst the wiggle.
The author of this thesis proposes two other algorithms to approximate data.

Algorithm 3.4. The first proposed algorithm to approximate a curve within a

certain ervor bound e.

Step 1 Start with interpolating the points with a degree 0 NURBS rational curve.
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Step 2 Use Algorithm 3.2 to remove as many control points as possible. The algo-

rithm accumulates the error deviations {ey}.
Step 3 Increase the degree of the curve obtained from the previous step.

Step 4 Go back to Step 2 until the degree has the degree p required.

Algorithm 3.5. The second proposed algorithm to approximate a curve within a

certain error bound e.

Step 1 Start with interpolating the points with a degree 0 NURBS rational curve.
Step 2 Increase the degree of the curve to the desired degree.

Step 3 Use Algorithm 3.2 to remove as many control points as possible within the

error bound e.

3.5.1 Comparison with Interpolation

Fitting a set of data points with interpolation or approximation yields different
results. This section shows how those two techniques behave when fitting a small
set and a large set of data points. For completeness, results of fitting the data set
with a least square fitting method are also shown.

The points in Figure 3.7 are hard to fit since they are part of a straight line
followed by a curved segment. Only the approximation method can capture the
cusp between the straight segment and the curve segment.

The points in Figure 3.8 are close to each other. This is where the approx-

imation method works best. It captures all the points and doesn’t over-smooth
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Figure 3.7: Point fitting functions.

the curve like the least square method. The interpolation method introduces in-
stabilities and is impractical in those cases. The images that will be processed in
this thesis all fall in this category due to the projection of a colour grid onto the
observed scene. This is why the approximation method will be preferred as the

mean to fit the data points to a NURBS curve.

3.6 NURBS Surface Generation

The techniques of interpolation and approximation for NURBS curves can be ex-
tended to the case of NURBS surfaces. NURBS surface generation offers more
possibilities than the algorithms used for curve interpolation and approximation.
The interpolation of a bidirectional curve network is important for creating a
3D object surface. Its algorithm relies on two other algorithms: the NURBS global
surface interpolation and the NURBS surface skinning. Both will be described
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prior to explaining the bidirectional curve network interpolation algorithm.

3.6.1 NURBS Surface Interpolation

It is possible to generalize the global éurve interpolation technique to a global
surface interpolation technique. Let {Qy},k = 0,...,nand! =0,...,mbea
set of (n 4+ 1) x (m + 1) data points. A (p, q)th-degree B-spline surface which

interpolates through these points is constructed by solving the following equation.

Qk,l = S(ﬂka Ul Z Z Nz p(uk) ,q(Ul)Pz N (332)

=0 j=0

Reasonable values for (T, 7;) and the knot vectors U and V need to be com-
puted. The 7, and 7; are computed using the same algorithm. Therefore only the
methodology for computing the %y, is given. There are different possible methods
to compute Uy and one of the most widely used is as follows: equation 3.13 is

used to compute parameters i, . . . , @, for each [ and then, each %, is obtained by

? 'l’L

the average across all %g,l = 0,...,m. This corresponds to

1 =
[7) =——————E ;. E=20,...
Uk m+1l=0u’” el

With the (T, 7;) computed, the knot vector U and V can be obtained by using
equation 3.15. The control points of S(u, v) can be obtained as (n+1) x (m+1)
linear equations in the unknown P; ;. However, since S(u,v) is a tensor prod-
uct, the P, ; can be obtained more simply and efficiently as a sequence of curve

interpolations. Where [ is fixed, equation 3.32 becomes:

le._ZN,p ) (ZNM ) ,J) ZN”,(uk ” (3.33)

3=0 =0
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where .
Riy=>_ Nig@)Py; (3.34)
j=0

Equation 3.33 is just a curve interpolation through the points Q. ;, k = 0,...,n.
The R;; are the control points of the isoparametric curve on S(u,v) at fixed
v = 7. When ¢ is fixed and [ is variable, equation 3.34 is a curve interpola-
tion through the points R, g, . .., R; n, with Py, ..., FP; , as the computed control
points. This algorithm is symmetric and the same surface can be obtained instead

by fixing k first.

3.6.2 Skinning

Skinning was previously referred to as lofting. Skinning is a process of blending
the section curves together to form a surface. The section curves are given by a set
of curves {C(u)} defined for k = 0, .. ., K. The blend direction is the v direction
and the skinning method interpolates through the C(u) curves. The Cy(u) curves
end up as isoparametric curves on the resulting skinned surface.

Based on B-splines, Tiller [72] defines skinning as follows. Let
n
Cr(u) = NipWP%  k=0,... K (3.35)
i=0

be the rational or non-rational section curves, and assume that all the curves are
defined on the same knot vector U with common degree p. For the v direction a
degree ¢ is chosen as well as parameters {7, },k =0,..., K.

A knot vector V is then computed. This information is used to do n - 1 curve
interpolations across the control points of the section curves, yielding the control

points QJF; of the skinned surface.
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The degree g is arbitrary as long as the relationship ¢ < K holds. The param-
eters {T} are computed by averaging the chord length for all the curves. This

means

K

di = Y |Piy— Pl
k=1

9 = 0 T =1

_ 1 Pk = Pipi _
Ty = vk_1+n+1; Z k=1,...,K—1 (3.36)

and the knot vector V' is computed using equation 3.15.
It is possible that the curves do not have the same knot vector nor the same
degree. For those cases, performing degree elevation, knot insertion and knot

refinement becomes necessary.

3.6.3 Bidirectional Curve Network Interpolation

The work of this thesis relies on the projection of a pseudo random encoded colour
grid on an object to perform the 3D recreation of the object. This grid creates a
network of NURBS curves. Gordon [24] created an algorithm that takes a network
of NURBS curves and creates a NURBS surface from it.
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Definition 3.9. Let

Crlw) = Nip(wPei  k=0,....,r uel0,1]
i=0
m

Civ) =Y Nigw)P; 1=0,...,s vel0,1] (3.37)

7=0
be two sets of non-rational B-spline curves. The two sets of curves are defined to

be compatible if they satisfy the following two compatibility conditions:

 Each set is compatible in the B-spline sense: all the Cy(u) are defined on
a common knot vector UC and all the Ci(v) are defined on a common knot

vector VC.

» There exists parameters 0 = vy < w3 < -+ < Ugy < Ugs = 1 and

D=y <y < o <y < vy = 1 such that

Qui = Ci(w) = Cilwg) k=0,...,r 1=0,....,s (338)

The second condition implies that each curve of each set is intersected by all

the other curves from the other set.

The Gordon algorithm consists of the interpolation of a bidirectional curve
network. A NURBS surface is created such that it interpolates the two sets of
compatible non-rational curves, that is

S, v) = Ci(v) l=0,...,s
S(u,vg) = Crlu) k=0,...,r (3.39)

This interpolation is limited to the case of non-rational curves. In theory, ra-

tional curves could be used, but it was found [58] to be not practical as the 3-D
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results obtained could be unpredictable. The technique that satisfies 3.39 was
developed by Gordon when working at General Motors Corporation in the late
1960s and bears his name: Gordon Surfaces [24]. Gordon showed that {¢;(u)};..,
and {yx(v)}7 are two sets of blending functions satisfying

0 ifl #1¢
¢l(ui)={ w7

1 ifl =1
wmw={0 7 (3.40)
1 ifk=1i
and that the surface satisfying 3.39 is then given by
S(w,v) = Y Ci)g(w) + Y Ce(wn(v) = YD Quedr(w)ti(v)
1=0 k=0 1=0 k=0
= Ll(ua ’U) + L2(ua ’U) - T(ua U) (341)

The resulting surface is composed of three simpler surfaces: two lofted sur-
faces Ly(u,v) and Lo(u,v) and the tensor product T'(u,v). Creating a NURBS
representation of S(u, v) is simplified as L, (u,v), La(u, v) and T'(u,v) can easily
be made compatible in the B-Spline sense. Because of this compatibility, they can
be added and subtracted by applying the corresponding operations to their control
points.

This means that P; ; of S(u,v) are computed by
Py =P+ P}~ Fj (3.42)

where ﬂ{}l, P%Lf and P/, are the control points of Ly (u,v), La(u,v) and T'(u, v).

The first two surfaces are skinned surfaces and the latter is obtained by inter-
polating the points @); 5. The choice of parameters and knots for the skinning and
point interpolation processes is determined by the given parameters {v;}, {vi}

and the knots U€ and V°.
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3.7 Conclusion

NURBS have useful properties which make them very suitable for the 3D object
reconstruction problem. Different methods can be used with NURBS to represent
a line based on a set of points: global or local interpolation, global approximation,
etc. An efficient means of representing a line is what drives the precision of the
algorithm for 3D object reconstruction presented in this thesis. Once 3D lines are
obtained, a bidirectional curve network interpolation is performed to generate a
NURBS surface.

The mathematics behind NURBS curves and surfaces is non-trivial. A NURBS
library was created by the author to implement all the algorithms described in this
chapter. This library is created in C++ and has around 18 000 lines of code. These
numbers also include a matrix library to represent the control points and a numer-
ical computation library to solve the linear equations systems required to perform

interpolation.
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Chapter 4

High Level Approach to the 3D

Object Reconstruction Problem

This thesis proposes a new way to solve the 3-D object reconstruction problem.
An overview of this approach is provided in this chapter. The approach builds on
the experience acquired by previous works [37] with structured light. The first
section states the motivation for this work, which helps understand the rationale
behind this novel approach. The second section provides an introduction to the

algorithm proposed in this thesis.

4.1 Motivation

Previous work [37] used a mixed approach, where both passive and stereo fusion
methods were used at the same time. The dynamic fusion methods consisted of
illuminating the object with a PRBA encoded grid. That illuminated scene was

captured by two cameras and a dynamic programming matching technique was
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used to perform the 3-D reconstruction.

In that work, the structured light information was used to help the passive
stereo fusion method establish a correspondence between the left and right im-
ages. A description of the structured light encoding used for that work is given
in Section 5.1. The structured light was also used in the calibration step, and to
create a coarse disparity map which helped the registration algorithm. The cor-
respondence between the left and right image information was still done pixel by
pixel. This approach limited the potential precision of the technique. To improve
the quality of the 3-D reconstruction it was necessary to improve the quality of
the information which could be generated by the structured light.

Improving the quality of the information provided by the structured light re-
sulted in the current research. The first problem to solve was the encoding itself. It
relied on the presence or the absence of a disk at the intersection points inside the
grid. Computing to a great precision the center point of a disk or of an intersection
could not be done reliably due to the deformations of the projected structured light
when it intercepted a 3-D object. The second problem to solve was that only the
intersection points on the grid were used for the 3-D reconstruction process. The
remainder of the grid information was not used. Finally the usefulness of using
a passive stereo fusion method was questionable as the projection of the grid cre-
ated a high contrast image which removed most of the texture which could have
been seen by the camera if the grid hadn’t been projected on the object.

The current research has two key features which sets it apart from previous
work and at the same time solves the two problems highlighted above. The first
is the use of colour lines to encode the structured light, as opposed to the spatial

cues: intersection or circle. The second is the use of NURBS curves to model the
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grid view from the camera.

The first has great benefits in terms of the usefulness of the structured grid as
a means to capture the spatial dimensions of the object. The matching between
the structured line and the camera view of the illuminated scene is not done area
by area like previously.

The use of coloured lines to encode the grid has many benefits. The first
is that the difficulty of finding the precise center of a circle or an intersection
point is removed. Only the information defining the line itself is used. The line
information near an intersection is not taken into account. The second is that there
is no area matching required to label points from the camera. Instead, a whole line
is labelled based on its colour and the colour of its left and right neighbours.

The use of NURBS curves to model the grid lines perceived by the camera
greatly improves the precision of the 3D reconstruction. A line conveys more in-
formation than a single point. A line can be modelled by a series of dots connected
with each other. It can also be modelled with a NURBS curve.

As described in Section 3.2, NURBS curves have interesting properties which
make them ideal for modelling an object. One of those properties is their invari-
ance under affine and projective transformation. This property enables the projec-
tion of the control points which make up the NURBS curve onto the plane of light
projected by each grid line of the structured light. The intersection of the projec-
tion of the control points and the plane of light created by the projector yields a
new control point. The set of those new control points creates a 3D NURBS curve
which corresponds to the projection of the NURBS curve from the camera view

on the 3D world coordinate system.
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@ (b)

Figure 4.1: a) The setup for the 3-D reconstruction of an object. b) A captured

image from that setup.
4.2 The High Level Algorithm

The problem of reconstructing an object in 3-D is done with multiple steps. First,
a PRMVS is generated and a distinct colour is assigned to each value. In the
case of this thesis, five colours are used: magenta, red, green, yellow and cyan.
The PRMYVS is constructed such that three successive colours are always unique
through the sequence. This sequence is applied to the X and Y axis of a grid to
generate the pseudo random colour encoded grid that the projector uses to illumi-
nate a scene.

An object of interest is put on a rotating table. The projector illuminates the
object and the camera takes a snapshot of the scene. The computer then processes
the information. This setup is depicted in Figure 4.1

The processing starts with finding where the coloured lines are. Once identi-

fied, each line is assigned to its colour, based on the hue of the pixels defining that
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line. All lines are put into two groups: the horizontal and the vertical lines.

Within a group, the lines are properly ordered and assigned a temporary loca-
tion. Once the left and right (or up and down) neighbours of each line are found,
their true location inside the PRMVS is determined. This process assigns a true
label to each line.

Each line has two edges and the edge points can be determined to subpixel
accuracy. From the two sets of edge points, two NURBS curves are created for
each grid line. Either interpolation or approximation is used (tests are needed to
determine which solution is preferred) to create a NURBS curve based on the set
of edge points. '

The equation for the plane of light, which corresponds to the projection of
the edge of the grid line on the 3-D world coordinate, is computed. Each control
point from the NURBS curve is projected on that plane. This projection creates a
new set of control points from which a NURBS curve is created in the 3-D world
coordinate system.

All NURBS curves are projected on the 3-D world coordinate system. This
creates two sets of parallel NURBS curves: horizontal and vertical curves. A
NURBS surface is created by a bidirectional network interpolation of the NURBS
curves.

The bidirectional network interpolation requires that the NURBS curves sat-
isfy the compatibility condition. In practise, this implies that the network of curves
must be split into compatible zones before a surface can be generated. Knot re-
moval techniques are used to isolate zones of interest. A NURBS surface can then
be generated for each zone of interest.

The projection on the 3-D world coordinate requires the calibration of the
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camera and the projector. The calibration process used is the Tsai calibration
method. This process requires the following steps. The first step is to put a test
cylinder object which has a pseudo-random colour encoded grid painted on it and
to take a picture of that cylinder with the camera. From the camera view, 2D
NURBS curves are found along with their proper sequences in the PRMVS.

In Tsai’s method a set of co-linear or non co-linear points to calibrate the cam-
era properly is used. For the camera, the intersection points between each NURBS
curve is found and mapped to their corresponding 3-D point on the cylinder. This
gives a set of points which is fed to Tsai’s non-linear optimization algorithm. Af-
ter this step, the camera is calibrated.

The projector is calibrated by illuminating another known object and taking a
picture of that scene with the camera. The object is a white plane. The set of 2D
NURBS curves and their proper sequence in the PRMVS are determined based
on the camera’s view of that plane. The intersections of the NURBS curves yield
a set of co-linear points which are fed to Tsai’s algorithm. Once this is done, the

projector is also calibrated properly.

4.3 Conclusion

The approach proposed in this thesis improves the quality of the reconstruction
of an object in 3-D. It could be categorized as a dynamic feature based matching
method. Unlike previous work, the feature is not a collection of edge points linked
together but instead is the parametric representation of the underlying curve as
seen by the camera. This approach can use subpixel accuracy and uses a robust

calibration technique to preserve the precision of the algorithm when generating
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points in the 3-D world coordinate system.
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Chapter 5

Multidimensional Pseudo Random

Encoding

This thesis work is based on using structured light to recreate three-dimensional
objects. A technique must be used to create a relationship between the camera
view of the scene and the structured light used to illuminate the scene. This re-
lationship, in this thesis, is obtained by encoding the structured light with a tech-
nique known as PRMVS.

This technique grew from the body of work previously done with structured
light [37]. This previous work encoded a grid using a technique called pseudo-
random binary array (PRBA) encoding.

5.1 Pseudo-random Binary Encoding

For the 3-D reconstruction process one needs the information contained in the

image by using a relationship between the structure being projected and its view
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captured by a camera. The camera captures the projection of a structured light
on an object. This view is limited to a small portion of the information being
projected as most of the structured light is lost to the background.

The structured light can be projected without any form of encoding. In this
situation, trying to establish a correspondence between the projector’s information
and the camera’s capture of it is very difficult and can not be done "absolutely”.
"Absolutely" in this context means that a given point F; ; from the projector can
be matched to point Cy; inside the image from the camera.

The structured light information can be encoded. The encoding will enable
the creation of a correspondence between the camera’s and the projector’s views.

Definition 5.1. A pseudo-random binary array (PRBA) is defined by a ny € N
by ny € IN binary array encoded using a pseudo-random sequence such that a
k1 by ko window sliding over the array is unique and fully identifies the window’s

absolute coordinate (i, j) within the array.

The following relations hold for the PRBA [44].

-1 = 2kk

ny = 281
2 —1

ng = (5.1
N1

where n; and n, must be relatively prime.
Definition 5.2. Two integers are defined by Weisstein [80] as relatively prime if
they share no common positive factors (divisors) except 1.

A 2"—1 PRBS is generated by the “primitive polynomials modulo 2” method [78].
Table 5.1 is based on results obtained by Watson [78] and gives the non-zero co-
efficients of some of the primitive polynomials used by the method up to order
30.
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1,0 11,2,0 21,2,0
2,1,0 |12,64,1,0 22,10
3,1,0 | 13,4,3,1,0 | 23,50
4,10 |14,53,1,0 | 24,4,3,1,0
52,0 15,1,0 25,3,0
6,1,0 | 16,53,2,0 | 26,6,2,1,0
7,1,0 17,3,0 | 27,5,2,1,0

843,20 18,52,1,0 | 283,0
94,0 |1952,1,0| 2920
10,3,0 20,3,0 | 30,6,4,1,0

Table 5.1: Non-zero coefficients of some primitive polynomials

A primitive polynomial defines a recurrence relation to obtain a new random
bit from the n preceding ones. This relation is guaranteed to produce a sequence
of maximal length, i.e. to cycle through all possible sequences of n bits (except
all zeros) before it repeats and gets 2" — 1 random bits before the entire sequence
is repeated.

As previous work showed [37], the PRBA method for encoding a grid does not
allow sub-pixel accuracy. The previous work projected the PRBA on a surface and
then used stereoscopy methods to reconstruct the object in 3-D. However, there
are problems in terms of accuracy when retrieving the intersection points and the
disks centres. This problem was partially solved in previous work by using two
cameras to observe the scene and only use the PRBA as a coarse disparity map
between the two scene. The coarse disparity map was useful in the early stages of

stereo reconstruction. The PRBA used in previous work allowed to combine the
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strengths of structured light and stereoscopy.

5.2 Pseudo Random Multi-Variate Sequence

One method to solve the problems associated with a PRBA is to use multi-variate
sequences for the X and Y axis to form the grid that will then be projected on an
object. Both the PRBA the PRMVS are an extension of the PRBS method. Beside
from allowing for a greater number of variables, the PRMVS extension can also
be applied to more than one dimension. PRMVS are generated by using Galois

field arithmetic.

Definition 5.3. 4 Galois field is the set of number (0,1,2,... N —1) where N is
prime and on which operations such as addition or multiplication are done using

modulo N arithmetic.

Theorem 5.1 (Fermat). Any number n drawn from the Galois field set
(1,2,...,N — 1) has the following relationship n" =1 = 1,

From the Fermat theorem, it is apparent that a number to an integral power is

periodic with periodicity of N — 1:

nm—!—(N——l) = n™ x TL(N_l) ="

The property which enable a Galois field to create a PRMVS is that any Galois
field always contains at least one number (a) called a generator (or primitive root).
This generator has the property that the set of numbers (a®li = 0,...,N —2) isa
permutation of the set (1,2,..., N —1). The sequence generated by the generator
is periodic (from Fermat’s theorem). So, for any integer (m), the set of numbers

(a'li =m,...,m+ N — 2) is a permutation of the set (1,2,..., N — 1).
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Theorem 5.2 (Petriu [55]). A PRMVS can be used to map a two dimensional area

by assigning each value of the Galois field to a unigue colour

One approach tested was to use the basic red, green and blue colours along
with the combination of those basic colours: cyan, yellow, magenta and white.
This yields seven colours which could be used to generate a PRMVS with a base
of 7.

There is a practical limit to the number of colours a camera can perceive under
varying lighting situations. The blue colour in particular was found to be very
hard to register properly by the camera when doing practical tests. Furthermore,
white does not have a hue associated with it and creating a reliable colour extractor
is easier and more robust if the hue is used when performing the computations.
Therefore instead of using the initial 7 colour scheme presented above, only the
following colours were actually used: magenta, red, green, yellow and cyan. This
combination allows to use a base 5 encoding for the PRMVS. An example with a
sequence of 2 is shown in Figure 5.1.

The creation of a structured light pattern using a PRMVS is simple. The
PRMVS is used to encode the X and Y axis. To retrieve a point on the struc-
tured light structure, one simply moves along the X axis until n data points are
found, where n is the size of the viewing window. This will yield the X position.
The same process is applied for the Y coordinate: one moves n data points along
the Y axis to obtain the necessary information. With the information obtained, one
then only needs to transfer the data points into values and look at a table lookup
to find the coordinate.

To illustrate the overall process of retrieving a coordinate from the view of a

projected grid, a PRMVS encoded colour grid was generated and projected on the
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Figure 5.1: A grid encoded with a PRMVS of base 5 and window length of 2.

famous teapot object. The grid was generated by using a base of 5. Each colour
was given a value: magenta (0), red (1), green (2), yellow (3) and cyan (4). The
window size was set to 3 and the PRMVS was generated using the polynomial
3102 (expressed in base 5 and not in decimal). This gives a sequence of 125 num-
bers over which a window of size 3 can slide over without finding any repeating
patterns. The sequence obtained is: 303122411334211212430240410111401042-
23440032442423012313414443141322033110233232014204034333043402210-
04412002021432131030001.

In Figure 5.2 the result of projecting the grid described previously is shown.
Looking at the region near the beak and the body of the Utah teapot (highlighted
in Figure 5.2b) one can see that to find the coordinate of that point one must find

the location of the sequence yellow-red-cyan on the X axis and yellow-cyan-red
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(a) Generated image with a structured light projected on  (b) Background is removed and the area of interest near
the Utah teapot the beak is highlighted.

Figure 5.2: Utah teapot with a grid projected onto it.

on the Y axis. This corresponds to finding the sequence 314 and 341 on the
PRMVS. Those sequences occur at position 61 and 55 respectively. That point is
then labelled as being at (61, 55) inside the structured light grid.

It should be noted that points will not be labelled directly by the process pre-
sented in this body of work. Instead, lines will be labelled. A line belongs to the
vertical or horizontal set of lines that constitute a X — Y coordinate grid. Because
NURBS curves represent lines and not points, there is no need to limit ourselves
to the location of intersections.

Figure 5.2 also shows that encoding can’t solve all problems but can help spot
problem areas. For instance, on the handle on the teapot, the vertical lines do not
create a smooth sequence with the vertical lines from the body. This indicates
the presence of a discontinuity. A discontinuity is also observed for the teapot’s
lid. There are discontinuities in the horizontal lines between the body and the lid

of the teapot. The 3-D rendering process can use this information to adjust its
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algorithm appropriately.

5.3 Conclusion

Previous work focused on the fusion of stereo and projected structured light meth-
ods. For this, the PRBA method was used with great efficiency. The PRBA creates
a uniquely identified area which can easily be mapped to the structured light coor-
dinates. In the stereo process, this allowed the left and right views to create a set
of known points from which the matching process could begin, starting with the
epipolarization process.

This new work focuses only on an active method (projecting a structured light
grid). To this end, the PRMVS technique is used. By allowing the use of any
base (in our case 5) to create a PRMVS, the size of the viewing window can be
significantly reduced. In previous work, the viewing area was 5 X 2. Any problems
in recognizing a disk or an intersection in that area would create a wrong label,
i.e. the misplacement of a point. Now, a 3 x 1 area has to be looked at, once
in the X direction and once in the Y direction, to obtain the desired information.
The problem of mislabelling a point is greatly minimized because the process will
label whole lines instead of labelling points directly.

Analyzing the line as a whole also solves some of the problems which arise
when images are highly saturated. Projecting a grid on an object always creates a

very strong probability that some of the areas of the image will be saturated.
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Chapter 6

Line Detection

Line detection is a classical problem in computer vision [29, 34]. As such, this
chapter will focus on the method which is used in this thesis to obtain the lines
that form the basis of the 3-D recreation process. The proposed method uses the
line detection process in a somewhat unusual way: the two edges of the line are

used instead of the line itself. The rationale for this is further explained below.

6.1 Filtering

In a normal setting, filtering is used to limit the noise obtained when capturing
the image. However, the edge operator selected for this thesis is very robust to
noise. Further analysis is required to determine whether or not filtering is actually
required to obtain accurate results. Preliminary work indicates that it may not be
necessary to filter the input image to obtain accurate results in edge detection.
Filtering modifies the input image and may lead the edge detector astray. The

high precision of the algorithm depends on the precision of the edge detection
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of each grid line of the structured light. Tests will be performed to measure if
median filtering or other standard noise cleaning methods can be used to improve

the accuracy of the 3-D reconstruction process.

6.2 Line Detection

The methodology for 3-D object reconstruction presented in this thesis requires
the generation of NURBS curves from the line information contained within the
grid information projected by the projector. Although the line detection algorithm
is ultimately not used in this thesis, it is important to understand why it was not
utilized. Earlier work [38] did use this line detection algorithm but a better alter-
native was found later on. The earlier methodology for NURBS curves generation
is described in this section.

The process of generating NURBS curves representing the lines projected on
the surface requires three steps: extracting a coarse grid from the red, green and
blue components of the image, determining a precise NURBS curve for each line
and matching the line to its proper colour.

A coarse grid is extracted from its different colour components using mathe-
matical morphology operators. The grid generated is coarse due to the nature of
mathematical morphology. Since each colour component has a different satura-
tion and reflectivity value, it is individually processed.

The first step in extracting the coarse grid is to obtain an image without high-
lights from the projector. The second step is to determine where the object is
located in the image. This ensures that a grid will not be found outside of the illu-

minated object. From this information, a grid is extracted using dynamic thresh-
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olding and morphological operators. These steps are depicted in Figure 6.1.

s

(a) Input Image (b) Image’s red component (inverted)

(c) Projector’s highlights are removed  (d) Coarse grid over the object is determined.

Figure 6.1: Extracting a coarse grid from the image’s red component,

One colour component can not fully represent the grid seen in the colour im-
age. However, merging the grids obtained from all the colour components yields
a grid which is close to the real grid projected on it. A merged grid is shown in
Figure 6.2(a) The intensity level of the image near this coarse grid is viewed as a

3-D landscape. Maximum points on this landscape are then used to find the pre-
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cise grid. The landscape is processed line by line, starting with the vertical ones
and continuing with the horizontal ones.

A NURBS surface interpolates the landscape for each line and the maximum
points are found along that surface (Figure 6.2(b)). The maximum points found
with this scheme are not necessarily at a pixel location: they can also be at an inter-
pixel location, thus giving the line a sub pixel accuracy. Due to the interpolation,
some of the maximum points found will not correspond to the optimal location of
a point in a grid line.

Definition 6.1. Outliers are points which are not valid and should not be used to
compute results.

To remove outliers, a Monte Carlo technique is used along with a bucketing
technique [40, 86]. At this step, mathematical morphology can not be used to

eliminate outliers since it can not operate at sub-pixel accuracy.

(@) ®

Figure 6.2: (a) The grid merged from all the colour components and (b) the land-

scape for one of the lines.
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6.2.1 Finding Outliers

The least median of squares (LMedS) method gives the necessary information to
determine which points are outliers.
Definition 6.2. Let f; be the result of applying the function f to the data point 1.
Then the least median of squares (LMedS) method is defined as

min med; f7

This must be solved by a search in the space of possible estimates generated
from the data. For practical reasons, only a randomly chosen subset of data can
be analyzed. The subset of data is obtained from the maximum points on the
landscape for each line. A Monte Carlo type technique is used to draw m random
subsamples of p different points for each line.

For each subsample, a NURBS curve is interpolated and the median of the
distance between each point on the line and that curve is computed. This yields a

median value M
MJ = medi=1,_n] min(C’J(u) - pi)lz

The M that is minimal for all m M ’s indicates which NURBS curve is a valid
interpolation of the line.

A subsample is “good” if it consists of p good correspondences. Assuming
that the whole set of correspondences may contain up to a fraction € of outliers,

the probability that at least one of the m subsamples is good is given by
P=1-[1-(1-¢P™ (6.1)

By requiring that P must be close to 1, we can determine the value of m given

values for p and €.
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The LMedS method is poor in presence of Gaussian noise. To compensate for
this deficiency, a weighted least-square procedure is used. The robust standard
deviation estimate is given by

5
& = 1.4826[1 + n———p]\/MJ (6.2)
where M is the minimal median. Using o, we can assign a weight for each

correspondence:
1 ifd? < (2.56)?
w; = (6.3)
0 otherwise
If the weight is set to 0, then the point is an outliers, otherwise it is not. A new
curve is interpolated by using only the valid points.

As mentioned above, a sample is “good” if it consists of p good correspon-
dences. Choosing random data points may yield a sample with points being too
close together and thus represent an invalid curve. A bucketing technique [40, 86]
will spread the points such that it minimizes the occurrence of such “bad” samples.

The bucketing technique creates b buckets to which a set of consecutive data
points of equal length is attached. To generate a set of p points, p buckets are
randomly chosen, as well as a point inside each bucket. Since the data point must

cover the length of the curve being analyzed, the first and last buckets are always

chosen.

6.2.2 Line Detection Issues

Figure 6.3 shows the theoretical line intensity when it leaves the projector. It
also shows a cross-section of an image captured by camera showing two grid

lines. The cross-section shows that a grid line as perceived by the camera does not
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Figure 6.3: a) the theoretical coloured lines intensity from the projector b) a cross-

section of the input image as captured by the camera

correspond to a parabola. A parabola is required by the line detection algorithm
above to obtain sub pixel accuracy. The combination of camera and projector lens
distortions caused the image to be perceived not as a double step edge, but instead
as the image depicted in the figure.

This explains why the technique described above to perform line detection
includes a method to remove outliers. The method is statistically correct, but it is
preferable to use a method which would not rely on the elimination of outliers to

properly and accurately detect a line.

6.3 Double Edge Detection

This work tries to rely on methods which are easy to implement and also have

great precision. Edge detection has great precision; line detection does not. Since
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a line is made of two edges, we can define it by the location of its edges.

The location of the edges is easier to compute and leads to better results when
trying to recreate a three dimensional object. One of the premises of line detection
is that the center of the line is at the same place as the center being viewed. This

premise does not hold when viewing a 3-D object illuminated by a grid.

Figure 6.4: Blue line projected on a sphere. The white line shows the center.

A very simple example with a line illuminating a basic sphere object will
illustrate the problem of detecting the center of a line with precision. In this
example, depicted in Figure 6.4, a wide blue line with a thin white line in its
center was projected on a sphere. A small green line was drawn over to illustrate
a problem area for finding the true center of the line. There are 19 pixels to the
left of the white center line and 23 to the right, in the small test region.

This example amplifies the problem so that it can be viewed with the naked
eye. This problem is always amplified in practise because subpixel accuracy can

be achieved with edge detection but not with line center detection.
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In some settings one cannot use the two edges to describe a line. However, in

the setup proposed in this thesis there is no such limitation.

6.3.1 Subpixel Edge Detection

The precision of the 3-D reconstruction relies on edge detection to sub pixel ac-
curacy. A type of edge detector which can work to sub pixel accuracy are the
zero-crossing edge detectors. These edge detectors do not place an edge at lo-
cations of high gradient, but at locations of spatial gradient maxima. A pixel is
marked as an edge pixel, if in its immediate area, there is a zero crossing having
negative slope of the second directional derivative taken in the direction of the
gradient ([30]).

The integrated directional derivative gradient operator [87, 88] enables a more
accurate calculation of step edge direction than do techniques that use values of
directional derivatives estimated for a point. The directional derivative can be
computed from the knowledge of the directional derivative D; and D,. The gra-
dient magnitude is computed as 1/D? + D? and its direction as arctan(Dy/ Dy ).

The Sobel [70] edge detector computes the directional derivative at a point.
It estimates the edge direction for step edges using a function of the true edge
direction and the displacement from the pixel’s center. This is a problem as the
step edge does not match the polynomial model, which in turn creates a bias in
the computation of the directional derivative. The integrated directional derivative
gradient operator computes the first directional derivative taken over a square area.

The noise sensitivity of that operator is comparable to the Sobel operator and,
unlike the Sobel operator, increasing the neighbourhood size decreases both esti-

mate biases and noise sensitivity. For the proposed 3-D reconstruction technique,
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-3 | -348 | -555 | -624 | -555 | -348 | -3
-142 | -372 | -510 | - 556 | -510 | -372 | -142
-113 | -228 | -297 | -320 | -297 | -228 | -113

0 0 0 0 0 0 0

113 | 228 | 297 | 320 | 297 | 228 | 113
142 | 372 | 510 | 556 | 510 | 372 | 142
3 348 | 555 | 624 | 555 | 348 3

Table 6.1: The row derivative mask for integrated directional derivative gradient

operator on a 7 X 7 neighbourhood size.

the 7 x 7 neighbourhood size for the integrated directional derivative gradient op-
erator is used. The row derivative mask values are shown in Table 6.1, and the
column derivative mask is obtained by rotating the row mask by 90°.

With the integrated directional derivative gradient edge detector operator, it is
possible to compute the edge location with subpixel accuracy. To this end, linear,
quadratic or cubic fitting can be used to compute the zero-crossing value of the
gradient within subpixel accuracy; this yields the location of the edge of the line.
It has been shown [16] that for a step edge, the quadratic fitting yields the proper
result.

Figure 6.5 shows an example of subpixel edge detection. This example was

created using the procedure described below:

Step 1 Apply the integrated directional derivative gradient operator with a kernel

of size 7 x 7 to the x and y directions.

Step 2 Use quadratic fitting to obtain subpixel accuracy for the location of the edge
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Figure 6.5: Subpixel edge detection near a line

pixels.

The subpixel location is computed for both the column and the row direction.

Inside that figure, the edge point is shown as a black dot inside a pixel.

6.4 Line Detection Algorithm

Once edge points are found, the system still needs to interpret the edge data and
assign them to their lines. The following algorithm is used to do this. This al-
gorithm is first applied to the horizontal edge points to create a list of horizontal
lines. Then it is applied to the vertical edge points to generate a list of vertical

lines.
Algorithm 6.1. The line detection algorithm consists of the following steps:
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Step 1 Label the connected segments using an iterative labelling algorithm [29].

Step 2 Each segment is marked as an up edge or a down edge. The up edge is
associated with a positive gradient value and the down edge with a negative

gradient value.

Step 3 Merge segments that belong with each other by the following rules:

1. A segment’s end must be close to the other segment’s start. Close in

this context is a function of the distance between grid lines.

2. The segments must both be of the same type. Both have an up edge or

a down edge.

Step 4 Remove segments if they don’t have a supporting segment. A supporting
segment in the case of an up edge segment is a down edge segment that is
close to the segment. An up edge supporting segment is associated with a

down edge segment.

Step 5 Estimate the colour of the edge lines by looking at a minimum of 10 points
along each grid line. The colour of a grid line is estimated by checking the

hue value of some of the pixels inside that grid line.

6.5 Conclusion

This chapter described the problems associated with center line detection. These
problems prompted the author of this thesis to use an alternative method which
would be less computationally intensive and more precise. The use of edge lines

instead of center lines is thus proposed to solve most of the problems of center
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line detection. It gives us the ability to compute edge point locations to subpixel
accuracy and thus improve the 3-D recreation process.

The use of the edge line instead of the center line improves the accuracy of the
3-D reconstruction process. One of the premises for illuminating an object with
a line is that the illumination creates a plane of light in 3-D. The object intersects
this plane. That premise is changed by the use of the two edge lines instead of a
single line. It implies that two planes instead of one plane are projected for each

grid line.
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Chapter 7

A NURBS Based Methodology for

3-D Reconstruction

There is still no true answer when trying to infer the 3-D location of a point based
on the information contained within an image. The precision of the reconstruction
depends on different factors. One of these factors is the camera model. Histori-
cally, complex camera models were computationally intensive and therefore not
used. Today’s state of computational power allows one to use more accurate rep-
resentation of the camera model in order to reconstruct in 3-D a scene as viewed

by a camera.

7.1 The Camera Model

The camera model chosen was influenced by the calibration method selected.
Tsai [75] has created an efficient method to calibrate a camera and because it is

the approach used for the calibration process, it is also the camera model chosen.
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P(x,y,z)
or

w P(X,Y,Z,)

Figure 7.1: Tsai’s camera model.
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The model is the famous pinhole model with the radial lens distortion taken
into account [75]. The model is depicted in Figure 7.1. The following notation is

used inside that figure:

Py(Xy, Yy, Z,,) € R3 is the 3-D world coordinate of the object point P.
P(z,y,2) € R?is the point P in the 3-D camera coordinate system.
O € R? is the origin of the 3-D camera coordinate system.

z axis is the z axis of the camera coordinate system, which is the same as the

optical axis.

(X,Y) € R? is the image coordinate system centred at O. It is the intersection
of the optical axis z and the front image plane. It is parallel to the z and y

axecs.

Os € R is the focal distance between the front image plane and the optical

center O.

(X, Y.) € R? is the image coordinate of the point P(z, y, z) if a perfect pinhole

camera is used.

(X4,Y;) € R? is the actual image coordinate of the point P(z,y, z). It differs

from (X,,Y,) due to lens distortion.

(X;,Y}) € R is the pixel location of the point (X4, Y3). This point is not shown
in the graphic. The origin for the pixels is not centred on the image, but is

usually at the lower left corner of the image.
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The camera model is described by the set of equations used to transform a
point residing in the 3-D world coordinates (., Y, 2,) to a point (Xy, Yy) that
is the pixel location of that point on the image obtained by the camera. This

transformation requires four steps:

1. Rigid body transformation from the object world coordinate system (., Y, 2w)

to the camera 3-D coordinate system (z, y, 2)

T Loy
y | =R| yo | +T (7.1)
z Zuy

where T is the translation vector

T,
T,
and R is the 3 x 3 rotation matrix
cosgpcosk  sinwsingcosk + coswsink — coswsin ¢ cos K
R=| —cos¢sink —sinwsin@sink -+ coswcosk coswsin@sink + sinw cos K
sin ¢ —sinwcos ¢ COS W COS ¢
(7.3)

The equation above uses the pan, swing and tilt notation often used in the
photogrammetric literature. This notation corresponds to the following se-

quence of rotations:

(a) A clockwise rotation of x around the z-axis (swing).

(b) A clockwise rotation of ¢ around the y-axis (pan).
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(c) A clockwise rotation of w around the z-axis (tilt).

To avoid long trigonometric expressions, the following convention is used

to describe the elements of R

where

™
712
T3
21
22
T23
T31
732

733

i1 T2 Ti3

R=1ry ry 7
T31 T3z T33
COS @ COS K

8in w sin ¢ cos K + cosw sin K

— cos w sin ¢ cos K

—cos ¢sink

—sinwsin ¢ sin kK + cosw cos K
cosw sin ¢ sin & -+ sin w cos K
sin ¢

—sinw cos ¢

COS W COS ¢

(7.4)
(1.5)
(7.6)
(7.7
(7.8)
(7.9)

(7.10)

(7.11)

(7.12)

Note that the rigid body transformation from one Cartesian coordinate sys-

tem, i.e. {Zy,Yuw, Zw), to another, ie. (z,y,z), is unique, if the transfor-

mation is defined as a 3-D rotation around the origin followed by the 3-D

translation. Some techniques define the transformation as a translation, fol-

lowed by a rotation.

2. Transformation from 3-D camera coordinate (x,y, z) to ideal (undistorted)
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image coordinate (X, Y, ) using perspective projection with pinhole cam-
era geometry:
X, = fiz— (7.13a)
Y, = f% (7.13b)

The pinhole model is the most often used camera model in the literature. It

lacks the radial lens distortion described next.
. Radial lens distortion is defined by:

X, = X4+ D, (7.14a)
Y, = Y;+D, (7.14b)

where (X4, Yy) is the distorted or true image coordinate on the image plane

and

D, = Xg(kir®+ mort+.-) (7.15a)
D, = Yy(kar* + wort+--) (7.15b)

ro= /X2+4Y2 (7.15¢)

and ; are the distortion coefficients.

The are two kinds of distortion: radial and tangential. For each kind of
distortion an infinite series is required. However, Tsai’s experience shows
that for industrial machine vision application, only radial distortion needs
to be considered, and only one term is needed from the series. Any more
elaborate modelling not only would not help but also would cause numer-
ical instability in the calibration process. The effect of radial distortion on

projected lines is shown in Figure 7.2.
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S S

Figure 7.2: Effect of radial distortion on projected lines. The variable «; is posi-

tive in the left image and negative in the right one.

4. The transformation from the real image coordinate (X4, Y;) to the computer

image coordinate (X, Yy) transformation is defined as

X; = s,d7 X+ Cy (7.16a)
Yy = d;'Ya+C, (7.16b)
N,
i cT
= d,-= 1
d, d . (7.16¢)

where

(Xy,Yy) is the row and column numbers of the image pixel in computer

frame memory

(Cq, Cy) is the row and column numbers of the center of the computer

frame memory

d, is the center to center distance between adjacent CCD sensor elements

in X (scan line) direction.
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d, is the center to center distance between adjacent CCD sensor elements

in the Y direction.
N, is the number of sensor elements in the X direction
Ny, is the number of pixels in a line as sampled by the computer

s is the uncertainty image scale factor

These four steps will assign a world coordinate point (z,y, z) to the pixel of
the image captured by the camera.

The calibration process described by Tsai uses non linear search techniques to
find values for the parameters. Some values, like the number of pixels, have to be
provided.

In thick lens cameras, there are two focal lengths: the front focal length and
the back focal length. With a thin lens, but focal lengths are the same but this is
not the case with a thick lens camera. Tsai’s model fails to consider this situation.
However, in a controlled environment, it is possible to minimize the effect of a
thick lens by positioning the object of interest at a proper distance from the camera
and by capturing an image with good photographic lenses.

For a real camera, another type of distortion which can be accounted for is the
depth of field distortion. The depth of field defines the area in front and behind a
focused subject in which the image taken with the camera appears sharp. Outside
the depth of field, the image will appear blurry. The depth of field varies according
to the lens’ focal length, aperture value and shooting distance. It is therefore
possible to capture an object for 3-D reconstruction in such a way that it will reside
within the depth of field. This will remove the distortions caused by analyzing
picture pixels residing outside the depth of field.
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7.2 The Projector Model

The projector model is essentially the same as the camera model. The grid acts as
a CCD array and the projector, like the camera, adds radial distortion to the simple
pinhole model. The difference lies in the expression of the pixel for the projector.

There are actually two kinds of projectors that can be used: the standard pas-
sive projector and the newer active projectors. The standard passive projector
works by having a bright light source illuminating a sheet of plastic with the
structured light information on it, then a 45 degree mirror and a lens refocuses
that light to the desired location.

For that kind of projector, since it is working with a printed grid, a meaningful
value for a pixel might be based on the dots per inch (dpi) of the printed material.
Usually, 300 dpi is the maximum effective resolution of a low cost ink-jet printer.
There are higher precision printers than this, however in the case of an ink jet,
an ink droplet can only be so small. Depending on the quality of the printer, one
may be able to get true 300 dpi resolution. If this is the case then setting the grid
image at 300 dpi resolution serves a double role. The first is to get a grid for the
projector, the other is that the image used to generate the grid can also be viewed
as the image of the camera model.

The other kind of projector is dynamic. This projector is basically a computer
monitor that can project its image. The resolution is usually set to 800 x 600, but
some models are more precise. For those projectors, the pixel location is simply
the location of a pixel on the 800 x 600 display. Digital Light Processing (DLP)
projector also offer great advantages and other research avenues: dynamically
moving the grid to take a series of snapshot for example.

The mathematical model for the projector is the same as the one used for the
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camera. It is described in the previous Section.

7.3 Generation of a Colour Encoded Grid

The projector and the calibration object require a pseudo random multi-variate
sequence encoded grid. The grid in this thesis is generated by following the equa-

tions introduced in Section 5.2 and with the following parameters:
 The window size is set to 3.

« The Galois field uses a base 5 and the numbers 0 to 4 were assigned the

colour magenta, red, green , yellow and cyan respectively.
e The generating number used is 3102.

» The sequence S is computed using a register R initialized with R = {1,0,0, 0}

by repeatedly applying the following rules:

r = 3R0 + 1R1 +0R2+2R3

S; = x
Ry, = R,
Ry = =z
i = i+1fori<5?

» The horizontal and vertical lines are drawn at every 10 pixels.

« The image is printed on the desired medium.
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It is possible to use any base when constructing the coloured grid, however for
this thesis it was found that the proper balance between the window size, the total
grid size and the accuracy at which grid colours are extracted from the observed
image is optimized with a base 5. This value is therefore dependent on the quality
of the camera, the projector and the printed grid itself.

The proposed method relies on the information contained in the edges. The
distance between the grid lines affects the object being captured in multiple ways.
The farther apart the lines are, the greater the contrast between an edge and the
black area between grid lines. The closer the lines are to each others, the greater
the amount of information is available inside a single image. The intersections
tend to reduce the precision of the edge detector since the gradient operator tends
to smooth the surface around a point of interest and artificially rounds the corners.
There is therefore a balance between the amount of information available and the
precision at which an edge can be extracted. A ratio of 10 was used in the current
implementation as it allowed for precise location of the edges as well as good

coverage of the objects.

7.4 Back Projection of an Image Point

Given a point Py = (Xy,Yy) in the image frame buffer, it is possible to back
project this point into a 3-D world coordinate system. This creates a line in 3-D.

Fixing the value for Z yields a point in the 3-D world coordinate system.

Algorithm 7.1. The back projection algorithm projects an image point into the
3-D world coordinate system. The inputs of the algorithm are the coordinates of

the image point inside the frame buffer (X;,Yy) and the desired P, value in the

97



world coordinate system. The steps are:

1. Compute the real image coordinate (X, Yy) from the pixel in frame memory

(vayf)-

X;—-C

X, = —;fﬁ (7.172)
Y;—C

Y, = #1—& (7.17b)

Yy
2. Compute the radial distortion (D, D)
D, = X(kr?) (7.18a)
D, = Yi(kir?) (7.18b)

ro= /X24+Y2 (7.18¢)

3. Compute the undistorted point (X,,Y,)

X, = X4+ D, (7.19a)
Y, = Y;+D, (7.19b)

4. The inverse of the projection is used to compute the values for Py and P,.
denom = Yu(7”117"32 - 7"127'31) + Xu(T22T31 - ?"217‘32) (7.20)
+f(riara — ruras) (7.21)

P, (Yy(riorss — T13732) + Xu(rosrse — roarss) + f(riaree — riara3))

P, =
+(r2T, — r39T3) Y, + (r3eTy — 1o2T%) Xy + f(r22Ty — m12T)

denom

(7.22)
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P, (Y,(r11rss — rigrs1) + Xu(rosrsr — ra1rss) — f(risrar — ri1res))

P, =
4 +Yu(ruT, — raTy) + Xu(rai Ly — raTy) + fra Ty — rily)

—denom

(7.23)

where the variables are defined as per the camera’s model of the Section 7.1.

7.5 3-D Reconstruction

The camera model makes it clear that if the only information known about a point
is its location (Xy,Y7) in pixels, then (after calibration) the only information
which can be obtained about its location in the 3-D world coordinates is the 3-
D "line" in which it lies. Actually, it is not even a line as a pixel is not an infinitely
small point but a square of a finite size. This situation is minimized for the camera

model and is helpful for the projector model.

Corollary 7.1. The effect of only being able to follow a point by following a 3-D
line is minimized since the proposed methodology does not attempt to recreate the

3-D location of a point, but rather the 3-D location of a NURBS curve.

A NURBS curve is used to describe each grid line illuminated by the projector
and perceived by the camera. Each NURBS curve is constructed by using the edge
points obtained with sub-pixel accuracy and then using the global approximation
method (see Algorithm 3.3) with an error bound of 0.1 pixel. The NURBS curves
form a network which is used to create a 3-D representation of an object.

It is possible to use a network of NURBS curves to create a 3-D representation
of an object because of one of their properties. Property 2.2 states that a NURBS
curve is invariant under affine as well as perspective transformations. This implies

that an affine or a perspective transformation is applied to a curve by applying
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it to the control points. Therefore, the control points of the NURBS curve are
projected on a plane inside the 3-D world coordinate system and the new NURBS
curve will lie on that plane. By applying this perspective transformation to every
curves inside the network of NURBS curves, a 3-D representation of the object is

obtained.

Yellow

|

Figure 7.3: Hue boundaries used to associate a line with a colour.

Algorithm 7.2. The 3-D reconstruction process is as follows
Step 1 Extract the lines from the image using Algorithm 6.4.

Step 2 Determine the colour of each line by analyzing the hue of the middle points.
Figure 7.3 shows the hue boundaries for each colour that is part of the
PRMVS being projected. The boundaries are located at 30°, 80°, 165°, 270°

and 350°. Those values were chosen to account for the type of bulb used
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inside the projector and also to account for the digital camera sensor. The
colour yellow goes from 30° to 80°. The colour green goes from 80° to
165°. The colour cyan goes from 165° to 270°. The colour magenta goes
Sfrom 270° to 350°. The colour red goes from 350° to 30°. The colour of
multiple points along the line are examined and when more than half of

these points have the same colour c then the line is also set to the colour c.
Step 3 Using a sequence of 3 lines, assign a grid index to each line.

Step 4 Using NURBS curve approximation (Algorithm 3.3 ), generate a NURBS

curve C;.

Step 5 For an horizontal NURBS curve C;, the corresponding horizontal grid line

j from the projector is used to create a 3-D world coordinate surface.

The calibration process takes into account the radial distortion of the pro-
Jjector: The radial distortion implies that, in a perfect world, a plane of light
would be created by the projection of a line through space. However, with

radial distortion, the situation looks more like Figure 7.2

A NURBS curve can be used to represent a conic or in the case of radial
distortion, a parabolic curve. Let Py and P, be the end points of the conic
arc, let Ty and T, be the derivative of the arc at those end points and let P
be an arbitrary point on the parabolic curve. Then, it is possible to create a
NURBS curve which corresponds to this parabolic curve. The control points
Py and P, are already defined and the point P is obtained by intersecting
the line [Py, Ty and [Ps, Ts]. The weights wy and wq are both set to 1. The
only unknown is wq which can be solved for using geometric arguments

(see [56]). This method yields the following equation for wn:
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1-w)(P-PFR) - (P~ P)+v*(P—PR) (P - P)
2u(l — u)|P; — PJ?

. a 1P|

and @ is the projection of P onto the line [Py, P;] using Py as a center of

(7.24)

projection.

To create the surface of projection of this line onto space the ruled surface
algorithm is used. The ruled surface algorithm requires two curves and
it is the same algorithm as skinning (see Section 3.6.2) applied to only two
curves. The second curve is obtained by projecting the curve obtained above
on a plane behind the object. The projection equations are the same as the
ones in step 2 of the reconstruction algorithm. The ruled surface is then
simply defined as U = {0,0,0,1,1,1},V = {0,0,1,1}, W} = w{,R} =
P! and R? = P2.

Step 7 For each control point P; inside C;, a projection line is computed inside the
3-D world coordinate. The projection follows the steps of Algorithm 7.1.
That line is created by finding a point at Z = 0 and Z = 50.

Step 8 For each intersection between the line and the projection surface, a new
control point P} is inferred.

Intersecting a line with a NURBS surface is done using a Newton iterative
method to compute the intersection point. The method uses the geometrical

properties of a NURBS surface and its control net to limit the search space.
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Step 9 The 3-D world coordinate NURBS curve is created by using the same knot
vector as C; and the control point set defined by P;. Figure 7.4 depicts the
steps 7, 8 and 9.

Step 10 Repeat the process for every line.

Projector

Y Ex

Vi

\

%3 £
\g Camera

e

Figure 7.4: Projection of a 2-D NURBS curve in 3-D world coordinate space.

The process is the same for the vertical lines, and is depicted in Figure 7.4. It
illustrates how a NURBS curve’s control point polygon is projected on the light
plane of a grid line originating from the projector. The new NURBS curve is now

in 3-D world coordinates.
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As mentioned in section 6.3, the reconstruction is not made in terms of the
grid line illuminating the object but in terms of the edges for that line. The 3-D
reconstruction process is the same, except that two NURBS curves are generated

for each grid line. A close-up of this situation is shown in Figure 7.5.

Figure 7.5: 3-D reconstruction is performed with two edges.

The equation of each projection surface is different as each edge line has an
offset of +d,; for the vertical lines and an offset of &d,, for the horizontal lines.

Creating a surface that represents the object is done by doing an interpolation
of a bidirectional curve network (see Section 3.6.3). A consistent network of
curves is required to generate a Gordon surface. Let d be the degree of the surface
desired, then the NURBS curve network must form at leasta (d + 1) x (d + 1)
matrix of intersections for the Gordon surface methodology to be usable.

There are multiple ways to handle a grid network. The approach chosen in
this thesis ensures full coverage of the grid network but creates multiple NURBS

surfaces and it also creates overlapping surfaces.

Algorithm 7.3. Let { H;} be the set of horizontal curves in 3-D and {H]} be the
set of corresponding curves in 2-D. Also, let {V;} be the set of vertical curves in

3-D and {V;} be the set of corresponding curves in 2-D, then, the algorithm to
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generate a set of NURBS surfaces based on the network of 3-D NURBS curves

obtained with Algorithm 7.2 is as follows:

Step 1 Find an intersection node n;; for which a contiguous region of (d + 1) x

(d + 1) intersections exists.
Step 2 Create an initial intersection matrix of size (d + 1) x (d + 1).

Step 3 For all the intersection points, find the parametric value uy; and vy, where
k=0,...,d+landv =0,...,d+1 that satisfy the relationship H]_, (ur;) =
Vi (vig)-

Step 4 Populate all the intersection points with the values of (H; i (ur1)+ V41 (ve1)) /2
fork=0,....d+landv=0,...,d+1

Step 5 Create a set of horizontal NURBS curves {hy} by doing the following. For
each k, compute the compatible NURBS curve by splitting the NURBS curve

Hy, between u' = uy o and v’ = uy 4.

Step 6 Create a set of vertical NURBS curves {u} by doing the following. For
each |, compute the compatible NURBS curve by splitting the NURBS curve

V] between v' = vy and v" = vy,

Step 7 Compute a NURBS surface with Gordon’s algorithm (see Section 3.6.3)
using the network of curves {h;} and {v;} and also using the intersection

points computed in Step 4.

The presence of protrusions or holes might hinder the surface interpolation
method. For those cases, the surface then becomes a set of NURBS patches,

which taken together, constitute the overall surface.
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In practise, it was found that two edges could introduce instabilities into the
generated NURBS surfaces. Therefore only the upper edge is used when generat-
ing a NURBS surface.

Definition 7.1. The upper edge is the edge which corresponds to a positive gra-
dient value on an edge. This corresponds to the top edge of a horizontal line and

the left edge of a vertical line.

7.6 Conclusion

The methodology to generate a 3-D object model using NURBS starts by defining
the camera model. Tsai’s calibration method defines a camera model which can
relate 3-D world coordinate points to the pixels captured by camera. This model
is used to project the control points of a NURBS curve, defined in 2-D and corre-
sponding to the edge lines of the coloured grid as seen by the camera, in the 3-D
world coordinate system. This creates a set of curves in the horizontal and vertical
direction. From the two set of curves, it is possible to create a NURBS surface.
This thesis takes into account the radial distortion when recreating the surface
unlike most other techniques which rely solely on the pinhole model. It doesn’t
project a single point in space but it projects a line that keeps the structure of the

data and allows to create a surface with great precision.
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Chapter 8

Calibration

The calibration uses Tsai’s calibration method at its core (see Section 7.1). This
method is well known in the literature. It compares well with other methods [66]
and a reference implementation is readily available on the Internet [83]. Tsai’s
method can calibrate both co-planar and non co-planar points and it is available in
an optimized as well as a non-optimized version.

The method proposed by Tsai does not address the problem of generating
a high precision calibration object nor does it address the problem of precisely
extracting feature points inside an image. This thesis’ calibration process address
these issues with different objects, on which a PRMVS grid could be printed on,

were tried to determine how to obtain the most accurate results possible.

8.1 Calibration Process

The calibration process is characterized by two important factors: accuracy and

reliability. To be accurate, the calibration points must be non co-planar. To be
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reliable, the calibration object should stay in the same position when calibrating

the camera and the projector and only one calibration object should be used.
Most calibration techniques use two objects: one to calibrate the camera and

the other to calibrate the projector. That kind of method relies on the following

steps:
1. Put the camera calibration object in place.
2. Calibrate the camera
3. Remove the calibration object used to calibrate the camera
4. Put the calibration object for the projector at the exact same location
5. Calibrate the projector

That kind of methodology can be error prone since it is very difficult to place
the two calibration objects at the same location within an error smaller than 0.1
mm. With this in mind, it was decided to use a single object to calibrate both
the camera and the projector therefore removing the need to move two objects in
order to calibrate the setup.

In order to satisfy the two calibration criteria with a single object, a cylinder
was first tried. The surface of a cylinder is non co-planar and when an axis goes
through the centre it can simply be turned to show either a face with a structured
pattern on it or a blank face.

The cylinder object was also chosen because it could be manufactured with
high precision. A prototype of such an object is shown in Figure 8.1. The proto-
type is composed of the cylinder and a support structure. The support allows the

cylinder to be turned on its axis.
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Figure 8.1: Prototype of the cylinder object.

The principle of using a cylinder is sound and it seems to solve the prob-
lem of having two calibration objects. When analyzing the calibration points, the
cylinder gives very precise results. However, when analyzing the precision of the
calibration obtained across the volume of interest, the precision drops rapidly as

the data points are further away from the surface of the cylinder.

Definition 8.1. The volume of interest is defined as the volume for which scanning
data can be obtained. The volume of interest is also referred to as the cube of

interest to reflect that a cubic area is covered.

The cylinder was therefore found inadequate as a calibration object. An alter-
native solution is now proposed. This alternative solution is better than the original

solution. It is based on the observations made by Tsai regarding calibration:

o The calibration points must cover a wide area of the frame buffer to calibrate

for radial distortion.

» The calibration points should span the volume of interest
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The modification of the structured pattern used for the calibration allows us to
solve the problem of following Tsai’s advice regarding where the points are to be
located. In addition, this enables the system to be calibrated without moving the
calibration object.

A structured grid divided into four quadrants with two of the four quadrants
being totally white was devised and used. The calibration points for the camera
are in quadrant 2 and 4, and for the projector in quadrant 1 and 3 as shown in

Figure 8.2.

@ (b)

Figure 8.2: (a) Image to be printed on a calibration object. (b) Numbering of the
quadrants.

The algorithm to calibrate an object is as follows:
Algorithm 8.1. The calibration algorithm.

Step 1 Position the calibration object containing the proposed grid pattern.
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Step 2 Take a picture of the calibration object.

Step 3 Extract the intersection points and compute the 3-D location of each of these

points.

Step 4 Use Tsai’s method to calibrate the camera in a non-optimized mode since it

creates good initial values for the next step.
Step 5 Use Tsai’s method to calibrate the camera with an optimized method.
Step 6 Turn on the projector
Step 7 Take a picture of the object while illuminated by the projector.
Step 8 Extract the intersection point location and compute its ideal 3-D location.

Step 9 Use Tsai’s method to calibrate the projector in a non-optimized mode since

it creates good initial values for the next step.

Step 10 Use Tsai’s method to calibrate the projector with an optimized method.

8.2 Determining the 3-D Location for Calibration

Several types of calibration objects were used to test the calibration process. The
chosen objects are a cylinder, a cylinder with a truncated portion, two planes at
a 135 degree angle and a single plane. The Figure 8.3 depicts all these objects
together.

The ideal 3-D location is a required input for the calibration process. This ideal

point corresponds to the expected location of the point in 3-D. Each calibration

111



e
,,,,,,,

Figure 8.3: The calibration objects are a cylinder, a hollow cylinder, two planes

and a single plane.

object requires a different equation to compute the true 3-D locations needed for

the camera and projector calibration.

8.2.1 The 3-D Location for the Cylinder
The 3-D Location of Points for the Camera

The equation that maps the grid points printed on the cylinder object to a 3-D

world coordinate point is as follows:

a = a;Y +a, (8.1a)
P, = s, X+0, (8.1b)
Py, = rcos(a)+ O, (8.1¢c)
P, = rsin(a) (8.1d)
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where P = (P,, P, P,) is the location of the ideal 3-D grid intersection point,
(X,Y) the grid intersection index, r the radius, a, the angle distance between two
grid lines, a, the angle offset, s, the size along the X axis between grid lines and
O = (O, Oy, 0,) the offset value.

The 3-D Location of Points for the Projector

The location of a projector’s grid point in 3-D is achieved by back projecting the
camera view of that point onto the cylinder. The back projection of a point (see
Algorithm 7.1) allows to define a line in the 3-D world coordinate system that

corresponds to the pixel of the camera.

Algorithm 8.2. The line-circle intersection algorithm shown here is the same as
the one given by Weisstein [79]. It defines a circle of radius r which is centred
around the origin (0,0). The line is defined from two points P, = (x1,y,) and
Py = (za,y2).

A line can intersect a circle at 2 points, 1 point or 0 points. It intersects 2
points when it crosses the circle. It intersects at one point when it is a tangent to
the circle. It can also not intersect the circle.

Given

dy = xo—2x1 (8.2)
dy = y2—n (8.3)
dp = 4/d%+d2 8.4)
D = s — 21 (8.5)
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then the intersection points are at

Ddytdy/r2d%~D? 4 >0
Y —

d2

T

r = Ddyq:dzm dy <0 (8.6)

d2

—Dd, + |d,|\/r?d% — D?
- (8.7)

y frmenst
The discriminant is defined as
A =rd? - D? (8.8)

When the discriminant is smaller than 0, there are no intersection points.
When it is 0, the line is tangent to the circle. When it is greater than 0, there

are two intersection points.

Algorithm 8.3. Given a plane defined with the point-normal form as (X — P)-v =
0 and a line given in parametric form as Q(t) = Q + tw then the intersection 1

between the line and the plane is found by replacing X by Q(t) which results in

i—g+P=Qv, (8.9)

w-v

Algorithm 8.4. The intersection between a line and the calibration cylinder relies
on a single observation: the cylinder’s axis is parallel to the X axis. This fact
allows to compute the intersection between the calibration cylinder and a line by

using the following steps:

Step 1 Compute the intersection of the line and the circle which lies in the Z —
Y plane. Before using Algorithm 8.2, an offset must be applied such that
the centre of the cylinder lies at (0,0) inside that plane. This yields two
intersection points. The point closest to the camera is kept, the other is

discarded.
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Step 2 Construct a plane which is parallel to the X axis and passes through the

closest intersection point.

Step 3 The intersection between the plane and the line yields the location of the
intersection between the line and the cylinder. The intersection is found by

using Algorithm 8.3.

The projector’s ideal 3-D points are computed by using Algorithm 8.5. The
locations of the intersection points as perceived by the camera are projected on
the cylinder and these 3-D points are used to calibrate the projector. The pixel

location of a point p = (p,, p,) on the projector’s grid is simply given by

Pe = 85X (8.10)
py = 8,Y (8.11)

where s,, and s, are the size in pixels between the grid lines. X and Y are the grid

line indexes along the column and row axes.

Algorithm 8.5. The method to intersect the calibration cylinder and an image

pixel is as follow:

Step 1 Back project the view of a grid intersection as perceived by the camera to

create a line in the 3-D world coordinate by using Algorithm 7.1.

Step 2 Find the intersection between that line and the calibration cylinder by using
Algorithm 8.4.
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8.2.2 The 3-D Location for the Hollow Cylinder

The hollow cylinder is very similar to the cylinder in terms of equations, however

one of its sections is concave while the other is convex.

The 3-D Location of Points for the Camera

The 3-D locations of the ideal grid points are a variation of the equations and
algorithm used for the cylinder calibration object. The 3-D location of the ideal

intersection point when calibrating the camera is given by the following equation:

asY +a, if X > 10
o = (8.12a)
as —Y if X <10
P, = $,X+0, (8.12b)
P, = rcos(a)+ Oy (8.12¢)
P, = rsin(a) (8.12d)

where P = (P,, P,, P,) is the location of the ideal 3-D grid intersection point,
(X,Y) the grid intersection index, r the radius, a, the angle distance between two
grid lines, a, the angle offset, s, the size along the X axis between grid lines. and
O = (Og, 0y, O,) the offset value.

The 3-D Location of Points for the Projector

The algorithm to find the 3-D points necessary to calibrate the projector is Algo-
rithm 8.6.

Algorithm 8.6. This algorithm computes the location of an image point, back
projected, on the hollow cylinder object. The value C, is the location along the

X axis of the center of the hollow cylinder.
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Step 1 Use Algorithm 8.5 to compute an intersection point.

Step 2 Modify Algorithm 8.5 by discarding the intersection closes to the camera
and not the one farthest from the camera. This yields another intersection

point.

Step 3 If the x value of the intersection point obtained in Step 1 is greater than C,

then the intersection point is this one.

Step 4 If the x value of the intersection point obtained in Step 1 is smaller than C,

then the intersection point is the one obtained in Step 2.

8.2.3 The 3-D Location for the Two Planes

The use of two planes as a calibration object has been around for a long time [75].

The 3-D Location of Points for the Camera
The 3-D points used to calibrate the camera are defined by the following equation:

so(X —20)cos45°  if X >=20

P, = (8.13)
0 otherwise

Py, = 0Oy—s,Y (8.14)
Oy + 208, + 2 if X >=20

P, = - (8.15)

Oy + 8, X otherwise
(8.16)

where P = (P,, P,, P,) is the location of the ideal 3-D grid intersection point,
(X,Y) the grid intersection index, s, the size along the X axis between grid lines
and O = (O, O,, O,) the offset value.
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The 3-D Location of Points for the Projector

The location of a 3-D intersection point to calibrate the projector is calculated
by computing the intersection between the line obtained by back projecting the
pixel viewed by the camera (see Algorithm 7.1) and the plane at Z = 0 and by
computing the intersection with the plane at an angle. The intersection point with

the highest value of Z is the one that is kept to calibrate the projector.

8.2.4 The 3-D Location for the Single Plane

The single plane calibration is the classical method used to calibrate a camera [75].

The 3-D Location of Points for the Camera

The 3-D points used to calibrate the camera are defined by the following equation:

P, = Op+s.X (8.17)
P, = 0,—s,Y (8.18)
P, = 0 (8.19)

(8.20)

Where P = (P,, P,, P,) is the location of the ideal 3-D grid intersection point,
(X,Y) the grid intersection index, s, the size along the X axis between grid lines
and O = (O, 0,, 0,) the offset value.

The 3-D Location of Points for the Projector

The location of a 3-D intersection point to calibrate the projector is calculated

by computing the intersection between the line obtained by back projecting the
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pixel viewed by the camera (see Algorithm 7.1) and the plane at Z = 0 and by
computing the intersection with the plane at an angle. The intersection point with

the highest value of Z is the one that is kept to calibrate the projector.

8.3 Conclusion

This section presents the calibration technique proposed in this thesis. The tech-
nique is unique as it relies on a new coloured 2-D encoding of the structured light,
it allows the calibration object to remain static throughout the calibration process
and it can be applied to multiple type of calibration objects. The information con-
tained within an image for calibration or for scanning is extracted using the same
methodology. Most calibration systems have dedicated algorithms for the calibra-
tion. This implies that improvements in the accuracy of their methodology doesn’t
necessary imply a better calibration mechanism.

The calibration pattern proposed in this thesis allows to use different shapes
to perform a calibration as can be seen in Chapter 9. Furthermore, the use of this
calibration pattern enables the object to stay fixed when performing the calibration
which greatly increases the precision of the calibration algorithm. Other calibra-
tion algorithms [65, 18] than Tsai’s calibration algorithm can be used as long as

the camera model also accounts for radial distortions.
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Chapter 9

Experimental Results on NURBS
based 3D Object Reconstruction

using Colour-Coded Structured

Light

In this chapter, experimental results are given on images obtained of different
objects by using the proposed methodology for 3-D object reconstruction. The
results are divided in two sections: the calibration results and the object recon-
struction results.

The results are analyzed through statistical methods in order to characterize
the two main aspects of the methodology: the precision of the calibration and the
precision of the 3-D reconstruction process. To enable this analysis, results are
given using synthetic images and real images. The synthetic images are obtained

by using POV-Ray version 3.5 [60]. The advantage is that the geometry of the
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scene can be known mathematically and therefore errors obtained in the recon-
struction process can be evaluated with precision. The real images are obtained
with a Canon Digital SLR camera model 300D which can capture 6.3 mega pixel
images.

Synthetic images are generated with a ray tracer. These images are com-
puter generated data which are further used to calculate the precision at which
the methodology handles geometric changes to a surface. The use of synthetic
images also allows to concentrate on the methodology itself in order to validate it

prior to doing complex and time consuming real image tests.

9.1 Measuring the Calibration Accuracy

The calibration accuracy is measured using four different statistics. Each gives an
error on different aspects of the camera model (see Section 7.1). The precision
of all the calibration objects used are compared using the following type of statis-
tics: distorted image plane error, undistorted plane error, object space error and

normalized calibration error. The are defined below.

1. Distorted image plane error corresponds to the pixel error on the input im-

age. The steps to compute this error are given inside Algorithm 9.1.
Algorithm 9.1. Estimating the distorted image plane error.

Step 1 Convert the world coordinate points into camera coordinate points
using Equation 7.1.

Step 2 Project the points into the undistorted sensor plane using Equation 7.13.

Step 3 Project those points into the distorted sensor plane (Equation 7.14)
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Step 4 Transform the points into image coordinate points (Equation 7.16).

Step 5 The error is the difference between the ideal point’s location on the

image and the measured image pixel’s location.

2. Undistorted image plane error corresponds to the error between the ideal
point’s location on the undistorted sensor plane and the location of the mea-
sure image point on the undistorted sensor plane. The steps to compute this

statistic are given in Algorithm 9.2.
Algorithm 9.2. Estimating the undistorted image plane error.
Step 1 Convert the ideal point’s world coordinate into camera coordinate
(Equation 7.1),
Step 2 Project that point on the undistorted sensor plane (Equation 7.13)

Step 3 Convert the measured image point to the distorted sensor plane (Equa-

tion 7.17)
Step 4 Transform it on the undistorted sensor plane (Equation 7.19).

Step 5 The error is the distance between ideal point’s location on the image
undistorted plane and the measured image pixel’s location inside the

undistorted plane.

3. Object space error corresponds to the distance between the ideal point in
3D and the line defined by back projecting the measured point out through
the camera model. The equations required to back project are described in

Section 7.5.

4. Normalized calibration error was proposed by Weng [81].
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Definition 9.1. The normalized calibration error corresponds to the error be-
tween the ideal point transformed in the camera coordinate system and the mea-
sure point when it is back projected to the camera coordinate system with the
same Z value as the ideal point. That error is scaled with the z value and the

Jfocal distance in the camera coordinate system.

The normalized calibration error normalizes the error across the volume of
the object and gives a normalized error in finding the X and Y values. The
equation to back project is the same as for the previous item except that the
back projection occurs in the camera coordinate system and not in the world
coordinate system. The normalization equation is defined as

(P — Pb)* + (py — 1,)?
error = — 9.1
S

pz fz

where p is the measured point’s location when back projected and p’ is the
ideal point’s location on the camera coordinate system. The focal factors f,

and f, are defined as

_ Saf

fu = N 9.2)
i

fo = = (9.3)

Y

where s, f and d are defined inside Section 7.1.

9.2 Measuring the System Accuracy

The statistics in the previous section yield accuracy results by analyzing only the

calibration points. It doesn’t yield global results regarding the system’s accuracy
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z = 50mm

z = 40mm

z = 30mm

z = 20mm

z = 10mm

z = —30mm

z = 0mm

z = —40mm

z = —10mm

z = —b0mm

z = —20mm

Figure 9.1: Testing the volume accuracy of the camera at different z values.
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for the 3-D reconstruction of an object across the volume of interest. The volume
of interest in the current experiments is 200 x 100 x 100mm?.

To assess the accuracy across that volume, the following two tests are per-
formed. The first estimates the volume accuracy of the camera and the second
estimates the global volume accuracy. The global volume test yields two results,
one is based on the accuracy obtained by only using the horizontal grid lines and
the other when only using the vertical grid lines.

The volume accuracy of the camera corresponds to the precision obtained by
the camera calibration algorithm that is analyzed across the volume of interest.
Figure 9.1 shows all the input images used to compute the volume accuracy of the
camera inside a volume of interest varying from -50 mm to 50 mm. The accuracy

is estimated by following these steps:

1. Position a plane with a structured grid printed on it perpendicular to the z-
axis at different positions along the z-axis: -50 mm to 50 mm in 10 mm

increments.

2. Take a snapshot of the plane at each of those locations as depicted in Fig-

ure 9.1.
3. Extract the intersection points

4. Use the 3-D reconstruction technique detailed in Section 7.5 to determine

the location of each intersection point in 3-D.

5. The error is the difference between the ideal location and the computed

location.
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z = —30mm 2 = —40mm z = —B0mm

Figure 9.2: Testing the global volume accuracy at different 2 values.

126



The global volume accuracy test verifies the accuracy of the 3-D reconstruc-
tion technique proposed in Section 7.5 across the volume of interest. It verifies
the accuracy at which an object illuminated with the structured grid can be recon-
structed. Figure 9.2 shows all the input images used to compute the global volume
accuracy. It is very similar to the global volume accuracy for the camera test and

includes the following steps:

1. Activate the projector

2. Position a white plane perpendicular to the z-axis at different positions

along the z-axis: -50 mm to 50 mm in 10 mm increments.

3. Take a snapshot of the plane at each of those locations. Those snapshots are

depicted in Figure 9.2.
4. Extract the intersection points.

5. Use the back projection algorithm (see Algorithm 7.1) with the Z value set
to the Z value of the plane to determine the location of each intersection

point in 3-D.

6. The error is the difference between the Z-value of the plane and the Z value

of the computed intersection.

The ideal location of the point in (z, y, 2) could be estimated by interpolating
the camera images taken above while also considering the perspective transforma-
tion. However, from a practical point of view, the Z-value error is proportional to

the (z,y, z) error and it thus sufficient to only analyze this error metric.
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9.3 C(Calibration Results

The calibration objects chosen are a cylinder, a cylinder with a truncated portion,
two planes at a 135 degree angle and a single plane. Figure 8.3 of the previous
section depicts all these objects together.

The calibration method proposed by Tsai requires a minimum of 11 intersec-
tion points. All the tests performed contained much more points than this mini-
mum. Ultimately, it is not the number of points but the precise location of those
points which influence more the ability of the Tsai calibration method to calibrate
at high accuracy the camera and the projector. The tables inside this section show
the number of points used to perform the calibration but the size of the samples
is from five to ten times higher than the minimum required by Tsai’s method and

therefore the impact of the sample size is not a factor in the accuracy of the system.

9.3.1 The Cylinder

As mentioned in Chapter 8, the cylinder was the original answer to the problem
of using a single object to calibrate. Figure 9.3 shows the picture used to calibrate
the camera and the projector using the cylinder. The images are 800 by 600 pixels.
The cylinder has a radius of 50 mm and a length of 200 mm. Its axis lies parallel
to the z-axis.

In order to calibrate the camera, the ideal 3-D locations of the grid’s intersec-
tion points is a required input for the calibration system.

The implementation of Tsai’s algorithm offers two versions: one without op-
timization and one with optimization. Therefore the calibration is performed by

first using the non-optimized version to get a good first estimate and then these
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(a) Image for camera calibration. (b) Image for projector calibration.

Figure 9.3: Calibration images with the cylinder calibration object.

values are used by the optimized calibration method to improve the calibration
results. The results obtained for the calibration are shown in Table 9.1. This Table
shows the precision of the algorithm when analyzing the input points used for the
calibration. The different error statistics are explained in Section 9.1.

The image plane error of 0.12414 pixel of the camera calibration indicates that
using an intersection point with sub-pixel accuracy greatly improves the calibra-
tion results. The overall object space distortion of 0.01068 mm as measured when
calibrating the projector indicates a high precision.

Tsai notes that the calibration object should span the entire volume of interest
to have valid calibration across that volume. The cylinder calibration object only
covers its outer radius and only a small portion of it. This yields a calibration
which is not stable across the desired volume of interest as it doesn’t contain
points which are spread throughout the volume of interest.

The Table 9.2 depicts the errors obtained by the calibration process when an-

alyzing the estimated and real points at different plane positions. The values ob-
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Camera (70 points) Mean Standard Deviation Max

Distorted image plane error 0.12414 pixel 0.08608 pixel 0.44553 pixel
Undistorted image plane error | 0.11995 pixel 0.08242 pixel 0.42167 pixel
Object space error 0.01651 mm 0.01236 mm 0.06614 mm
Normalized calibration error | 0.29382 mm 0.20188 mm 1.03286 mm
Projector (165 points) Mean Standard Deviation Max

Distorted image plane error 0.13335 pixel 0.08489 pixel 0.35496 pixel
Undistorted image plane error | 0.01202 pixel 0.00762 pixel 0.04470 pixel
Object space error 0.01068 mm 0.00699 mm 0.04117 mm
Normalized calibration error | 0.02944 mm 0.01868 mm 0.10968 mm

Table 9.1: Calibration statistics from the cylinder calibration object.

tained indicate that the camera’s calibration accuracy is very stable across the
volume of interest as the standard deviation is very small (from 0.01084 mm to
0.02014 mm). This seems to indicate that a translation error occurred at the cali-
bration stage and that Tsai’s method couldn’t optimize it properly.

The global volume accuracy as listed inside Table 9.3 indicates that the z-axis
error increases as the plane is farther from the outer radius of the cylinder which is
close to the z = 50mm plane. The standard deviation across the plane is very low
( from 0.05060 mm to 0.12308 mm for the vertical lines and from 0.04384 mm to
0.06783 mm for the horizontal lines) which again indicates that the calibration is
stable across the volume of interest.

Figure 9.4 depicts the accuracy of the camera and the global accuracy of the
method proposed in this thesis. Only the mean error values are shown on the

graphic. This figure clearly shows that the estimated point is different when using
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Z (mm) | Mean (mm) | Min (mm) | Max (mm) | Std Dev (mm) | N

-50 0.39755 0.37505 0.42783 0.01084 549
-40 0.39484 0.36990 0.43331 0.01175 538
-30 0.39211 0.36680 | 0.43100 0.01262 540
-20 0.38932 0.36157 0.43010 0.01335 527
-10 0.38745 0.35791 0.43355 0.01446 524
0 0.38639 0.35441 0.43496 0.01560 511
10 0.38536 0.35213 0.44110 0.01741 512
20 0.38589 0.35006 | 0.45080 0.01915 485
30 0.38555 0.34750 0.45274 0.02014 436
40 0.38530 0.34787 0.44292 0.01918 359
50 0.38913 0.35286 | 0.44607 0.01907 314

Table 9.2: Volume accuracy of the camera at different Z values with the cylinder

calibration object.
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Horizontal Lines Vertical Lines

Z N | Mean Min Max Std Dev | Mean Min Max Std Dev
(mm) (mm) | (mm) |(mm) |(mm) |(@mm) |(mm) |(mm) | (mm)

-50 | 238 | 1.50693 | 1.36237 | 1.64002 | 0.06783 | 0.11611 | 0.00074 | 0.34791 | 0.08785
-40 | 247 | 1.31089 | 1.18381 | 1.44564 | 0.05938 | 0.10494 | 0.00181 | 0.32532 | 0.07995
=30 | 260 | 1.12846 | 1.02153 | 1.24585 | 0.05203 | 0.09491 | 0.00014 | 0.26226 | 0.06828
220 | 277 | 0.95432 | 0.85054 | 1.06937 | 0.04684 | 0.08784 | 0.00085 | 0.24064 | 0.06313
-10 | 291 | 0.79343 | 0.62031 | 0.89762 | 0.04384 | 0.08027 | 0.00002 | 0.21395 | 0.05541
0 307 | 0.64536 | 0.42101 | 0.77189 | 0.04648 | 0.07277 | 0.00003 | 0.25798 | 0.05060
10 320 | 0.50910 | 0.26804 | 0.64604 | 0.04917 | 0.06989 | 0.00020 | 0.37770 | 0.05565
20 331 | 0.38425 | 0.08376 | 0.53380 | 0.05706 | 0.06816 | 0.00004 | 0.38594 | 0.06243
30 309 | 0.28049 | 0.04128 | 0.41251 | 0.05364 | 0.07556 | 0.00017 | 0.45310 | 0.07833
40 273 | 0.19412 | 0.02119 | 0.32895 | 0.04422 | 0.09470 | 0.00014 | 0.46559 | 0.10022
50 238 | 0.11996 | 0.00188 | 0.25967 | 0.04178 | 0.12976 | 0.00069 | 0.54816 | 0.12308

Table 9.3: Global volume accuracy at different Z values with the cylinder calibra-

tion object.
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the horizontal line than it is when using the vertical line to perform the 3-D recon-
struction. The results obtained while applying the calibration method proposed
in this thesis indicate that the precision in localizing the z-value is very accurate
using the vertical lines and imply that the error mostly exist in estimating the =
and y values.

The dispersion of the global volume accuracy errors is shown in Figure 9.5.
The dispersion is shown at the plane at +-50mm and —50mm. The radius of the
green circle corresponds to the error obtained using the vertical lines in localiz-
ing the z value while the blue circles are used for the errors obtained using the
horizontal lines. The radius size corresponds to the error multiplied by 10. This
scaling is done in order to enable the visualization of the error inside the graphics.

The dispersion depicts that the errors using the horizontal lines are very con-
stant, whereas the errors with the vertical lines increase as the points of interest

are further from the projector.
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Figure 9.4: Volume accuracy at different Z value with the cylinder calibration

object.
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z = bmm z = —50mm

Figure 9.5: Global volume accuracy at 50 mm and -50 mm with the cylinder
calibration object. The radius of a circle is the z-error x 10 with the horizontal

line and vertical line errors using the blue and green colour respectively.

9.3.2 The Hollow Cylinder

There is a requirement to not move the calibration object to ensure a better pre-
cision of the 3-D reconstruction method. Tsai’s methodology requires that the
points be across a wide range of the image plane to ensure a good precision in the
estimation of the calibration parameters. The cylinder calibration object fails to
give points which cover a good percentage of the volume of interest.

The hollow cylinder object was introduced to obtain a broader depth of cal-
ibration points. With a section of the cylinder removed, it is possible to have
points not only near the +50mm region but also near the —50mm region. Fig-
ure 9.6 depicts the camera and projector calibration images. Both images are of
size 800 x 600 and the cylinder has a radius of 50 mm and a length of 200 mm.
The hollow section has a length of 100 mm.
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(a) Image for camera calibration. (b) Image for projector calibration.

Figure 9.6: Calibration images with the hollow calibration cylinder.

This hollow cylinder calibration object can’t be rotated since its geometry is
not symmetrical. Two calibration objects could be needed to allow calibration to
occur but the use of the calibration structured pattern proposed in this work and
shown in Figure 8.2 solves the problem of requiring two calibration objects.

With the new structured grid pattern, the projector illuminates the white sec-
tions and the sections used for the camera calibration. To help the calibration
process it is important to mask out from the projector image, the grid informa-
tion which was used by the camera calibration. This is done by simply selecting
the white pixels from the camera image and applying this mask to the projector
image. The result is depicted in Figure 9.7.

The calibration results obtained with the hollow cylinder are given in Ta-
ble 9.4. The results indicate that the camera calibration is less precise than the
one obtained with the cylinder object (0.433 mm mean error instead of 0.29382
mm mean error). The difference can be explained by the limited number of inter-

section points which can be used by using the hollow cylinder calibration object
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Figure 9.7: Masked image for projector calibration.

instead of the cylinder calibration object.

The volume accuracy of the camera with the hollow cylinder calibration ob-
ject is listed in Table 9.5. The mean error is 0.06 mm higher than the accuracy
observed in the cylinder object. The standard deviation is almost twice as much at
-50 mm than at +50 mm and it is an order of magnitude higher than the standard
deviation obtained using the cylinder object. However with a maximum standard
deviation of 0.06973 mm, it is very stable.

The global volume accuracy of the hollow cylinder (see Table 9.6) is signifi-
cantly more constant at all the different planes, than the global volume accuracy
obtained with the cylinder object. It varies only by 0.0464 mm across all the
planes with the hollow cylinder object instead of 1.3869 mm for the cylinder cal-
ibration object. The standard deviation in the case of the horizontal line accuracy
test increases as the plane increases it’s z value. The vertical line accuracy’s be-
haviour is the opposite, it decreases as the z value increases. The behaviour of
the global voluime accuracy is depicted inside Figure 9.8 along with the volume

accuracy of the camera.
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Figure 9.8: Volume accuracy at different Z value with the hollow cylinder cali-

bration object.
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Camera (56 points) Mean Standard Deviation Max

Distorted image plane error 0.80827 pixel 0.51347 pixel 2.13556 pixel
Undistorted image plane error | 0.17673 pixel 0.10732 pixel 0.52161 pixel
Object space error 0.03244 mm 0.01978 mm 0.08083 mm
Normalized calibration error | 0.43300 mm 0.26293 mm 1.27798 mm
Projector (61 points) Mean Standard Deviation Max

Distorted image plane error 0.24836 pixel 0.11027 pixel 0.51118 pixel
Undistorted image plane error | 0.00926 pixel 0.00545 pixel 0.02515 pixel
Object space error 0.00923 mm 0.00539 mm 0.02460 mm
Normalized calibration error | 0.02268 mm 0.01334 mm 0.06160 mm

Table 9.4: Calibration statistics from the hollow cylinder calibration object.

z = B0mm

z = ~b0mm

Figure 9.9: Global volume accuracy at 50 mm and -50 mm with the hollow cylin-

der calibration object. The radius of a circle is the z-error x 10 with the horizontal

line and vertical line errors using the blue and green colour respectively.
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Z (mm) | Mean (mm) | Min (mm) | Max (mm) | Std Dev (mm) | N

-50 0.45016 0.35336 | 0.64481 0.06973 549
-40 0.44346 0.35048 0.64293 0.06847 538
-30 0.43594 0.34998 0.61324 0.06560 540
-20 0.42617 0.32640 | 0.58791 0.06273 527
-10 0.41619 0.29481 0.56305 0.05931 524
0 0.40532 0.26675 0.54235 0.05740 511
10 0.39348 0.24326 | 0.51771 0.05567 512
20 0.37711 0.21861 0.49160 0.05570 485
30 0.36428 0.21761 0.48898 0.05157 436
40 0.35150 0.20480 | 0.48186 0.05009 359
50 0.34143 0.18815 0.48580 0.05311 314

Table 9.5: Volume accuracy of the camera at different Z values with the hollow

cylinder calibration object.
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Horizontal Lines Vertical Lines

z N | Mean Min Max Std Dev | Mean Min Max Std Dev
(mm) (mm) | (mm) |(mm) |(mm) |(mm) |(mm) |(mm) | (mm)

-50 | 238 | 0.21960 | 0.00032 | 0.76243 | 0.18730 | 0.29710 | 0.00226 | 1.14172 | 0.26431
-40 | 247 | 0.21408 | 0.00044 | 0.78560 | 0.20445 | 0.29525 | 0.00357 | 1.05159 | 0.24754
230 | 260 | 0.22547 | 0.00057 | 0.83507 | 0.22488 | 0.29393 | 0.00061 | 1.08765 | 0.23976
220 | 2771 022599 | 0.00044 | 0.84373 | 0.22830 | 0.29226 | 0.00018 | 1.08045 | 0.22947
-10 | 291 | 0.24071 | 0.00039 | 0.87402 | 0.22935 | 0.28017 | 0.00039 | 0.99898 | 0.21564
0 307 | 0.25429 | 0.00023 | 0.90292 | 0.23828 | 0.26303 | 0.00097 | 0.90488 | 0.20180
10 320 | 0.26164 | 0.00065 | 0.94245 | 0.23951 | 0.24748 | 0.00081 | 0.96957 | 0.19464
20 331 | 0.25884 | 0.00066 | 0.98378 | 0.23934 | 0.22577 | 0.00084 | 0.88874 | 0.18241
30 309 | 0.26052 | 0.00056 | 1.08813 | 0.24341 | 0.21102 | 0.00006 | 0.87328 | 0.17549
40 273 | 0.25184 | 0.00189 | 1.11209 | 0.23672 | 0.20025 | 0.00204 | 0.79558 | 0.17539
50 238 | 0.24243 | 0.00025 | 0.95270 | 0.22618 | 0.19278 | 0.00005 | 0.80288 | 0.17382

Table 9.6: Global volume accuracy at different Z values with the hollow cylinder

calibration object.
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The Figure 9.9 shows that for both the images at z = 50mm and z = —50mm,
the error obtained with the horizontal lines is higher on the top-left corner and
it decreases almost linearly toward the bottom-right corner. The exact opposite
behaviour is seen on the error generated by the vertical lines as it increases when
the points are further away from the top-left comer.

The hollow cylinder calibration object solves the problem of not having points
that cover all the region of interest. It also introduces the concept of using a
different pattern when calibrating. This new pattern removes the need to have two

calibration objects when performing the calibration.
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9.3.3 Two Planes

(a) Image for camera calibration. (b) Image for projector calibration.

Figure 9.10: Calibration images with the two planes calibration object.

The calibration pattern introduced with the hollow cylinder can be applied to
different calibration objects. One of the classic calibration objects is constructed
by using two planes at a 135° angle. Each plane is of size 100mm x 100mm and
two different calibration patterns are printed on the planes. They are both similar
to the ones used for the hollow cylinder however the pseudo random array covers
a different region on each of the two planes. The first plane covers the region
which the intersections varying from (0,0) to (19, 19) and the second plane has
the intersections ranging from (20, 0) to (39, 19).

Figure 9.10 depicts both calibration images. The images are of size 800 x 600.
As is the case with the hollow cylinder, the projector’s image has to be masked to
remove the area which is used for the camera calibration.

The analysis of the camera calibration statistics listed inside Table 9.7 indi-

cate that the distorted image plane error is higher than the one obtained with the
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Camera (231 points) Mean Standard Deviation Max

Distorted image plane error 0.17935 pixel 0.15777 pixel 0.71064 pixel
Undistorted image plane error | 0.04829 pixel 0.03106 pixel 0.14456 pixel
Object space error 0.00870 mm 0.00563 mm 0.02487 mm
Normalized calibration error | 0.11827 mm 0.07609 mm 0.35420 mm
Projector (151 points) Mean Standard Deviation Max

Distorted image plane error 0.05606 pixel 0.04439 pixel 0.17812 pixel
Undistorted image plane error | 0.02408 pixel 0.01471 pixel 0.06160 pixel
Object space error 0.02581 mm 0.01634 mm 0.07288 mm
Normalized calibration error | 0.05894 mm 0.03600 mm 0.15075 mm

Table 9.7: Calibration statistics from the two planes calibration object.

cylinder calibration object (0.17935 pixel instead of 0.13335 pixel). The standard
deviation is also higher for the distorted image plane (0.15777 pixel instead of
0.08489 pixel). However, the object space error (0.0087 mm instead of 0.01651
mm) and normalized calibration error (0.11827 mm instead of 0.29382 mm) is
smaller by a factor of 1.898 and 2.48 respectively. A smaller error in the normal-
ized calibration is more important than a higher error at the undistorted plane.

The smaller normalized calibration error translates itself in a volume accuracy
with camera that is from 2.77 times (at z = 50) to 15.456 times (at z = 0)
more accurate across the volume of interest. Table 9.8 lists the statistical results
obtained for the volume accuracy with the camera with the two plane calibration
object. The standard deviation is also very small since it has values varying from
0.01460 mm to 0.02216 mm.

The global volume accuracy is listed inside Table 9.9. This accuracy when
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Z (mm) | Mean (mm) | Min (mm) | Max (mm) | Std Dev (mm) | N

-50 0.13426 0.09482 | 0.20482 0.02216 549
-40 0.11068 0.07371 0.19139 0.02165 538
-30 0.08800 0.05291 0.16135 0.02207 540
-20 0.06471 0.03263 0.14844 0.02092 527
-10 0.04272 0.01310 | 0.12509 0.02127 524
0 0.02498 0.00065 0.10900 0.01952 511
10 0.03095 0.00118 0.09929 0.01758 512
20 0.05166 0.00249 | 0.09231 0.01460 485
30 0.07801 0.01825 0.11007 0.01520 436
40 0.10731 0.05484 | 0.14053 0.01509 359
50 0.14043 0.08124 | 0.17479 0.01817 314

Table 9.8: Volume accuracy of the camera at different Z values with the two

planes calibration object.
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Horizontal Lines Vertical Lines

Z N | Mean Min Max Std Dev | Mean Min Max Std Dev
(mm) (mm) | (mm) |(mm) |(@m) |(@m) |(mm) |(mm) | (mm)

-50 | 238 | 0.25501 | 0.00214 | 0.78022 | 0.19827 | 0.06119 | 0.00061 | 0.26105 | 0.04265
-40 | 247021971 | 0.00123 | 0.67990 | 0.18241 | 0.04979 | 0.00020 | 0.21549 | 0.03843
230 | 260 | 0.18879 | 0.00039 | 0.63382 | 0.16253 | 0.04356 | 0.00002 | 0.24385 | 0.03802
220 | 277 | 0.17000 | 0.00225 | 0.59662 | 0.14863 | 0.03664 | 0.00000 | 0.22813 | 0.03390
-10 | 291 | 0.15680 | 0.00320 | 0.56661 | 0.13342 | 0.03193 | 0.00003 | 0.22257 | 0.03056
0 307 | 0.14639 | 0.00001 | 0.52980 | 0.12027 | 0.02955 | 0.00023 | 0.24280 | 0.03068
10 320 | 0.14469 | 0.00082 | 0.48198 | 0.11285 | 0.02996 | 0.00030 | 0.19492 | 0.03072
20 331 | 0.14524 | 0.00011 | 0.49703 | 0.11317 | 0.03246 | 0.00038 | 0.17934 | 0.03072
30 309 | 0.14880 | 0.00042 | 0.58179 | 0.12505 | 0.03867 | 0.00013 | 0.16858 | 0.02759
40 273 | 0.15323 | 0.00015 | 0.61206 | 0.13752 | 0.04570 | 0.00006 | 0.20172 | 0.02815
50 238 | 0.16406 | 0.00016 | 0.65815 | 0.15008 | 0.05088 | 0.00078 | 0.16617 | 0.02781

Table 9.9: Global volume accuracy at different Z values with the two planes cali-

bration object.
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calibrating with two planes is also increased compared to both the cylinder and
the hollow cylinder object. The mean error using the horizontal lines is higher
than the cylinder object at z = 50, however this error increases only slightly when
the z value decreases. The values vary from 0.1641 mm to 0.2550 mm for the two
planes calibration object whereas these values vary from 0.1200 to 1.5069 for the
cylinder. The accuracy of the hollow cylinder is more constant as it varies from
0.2424 mm to 0.2196 mm , however it also has a higher average value than the
two planes calibration method with an average of 0.2479 mm instead of 0.1065
mm for the two plane calibration object.

The two planes calibration method is really precise when the intersection
points are projected on the vertical lines. The mean error in that case has a maxi-
mum value of 0.0612 mm at z = —50mm. This error is 4.85 times smaller than
the one obtained for the hollow cylinder at the same z value (0.2971 mm) and 1.90
times smaller than the value obtained with the cylinder object (0.1161 mm).

Figure 9.11 highlights the fact that the accuracy error increases as one moves
away from the z = 0 value. As for all the other calibration objects, the error is
higher when the horizontal lines are used to estimate the location of the intersec-
tion point in 3-D.

The dispersion of the errors is not uniform across the plane at z = 50mm as

can be seen in Figure 9.12.
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z = 50mm z = —b0mm

Figure 9.12: Global volume accuracy at 50 mm and -50 mm with the two planes
calibration object. The radius of a circle is the z-error x 10 with the horizontal

line and vertical line errors using the blue and green colour respectively.

9.3.4 Single Plane

The calibration with co-planar points using a single plane was originally per-
formed to show how co-planar calibration is less accurate than non co-planar cal-
ibration. However, the results do not warrant this observation. The single plane
is a plane of size 200mm x 100mm and it uses an encoded structured pattern
which covers the same region as for the two planes calibration object. Figure 9.13
depicts both calibration images. The images are of size 800 x 600. As is the case
with the hollow cylinder, the projector’s image has to be masked to remove the
area which is used for the camera calibration.

The calibration using the single plane results in statistics which are smaller
than all other calibration objects (see Table 9.10). The object space error is

0.00359 mm whereas it is 0.01651 mm, 0.03244 mm and 0.00870 mm respec-
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(a) Image for camera calibration.

(b) Image for projector calibration.

Figure 9.13: Calibration images with the single plane calibration object.

Camera (224 points) Mean Standard Deviation Max

Distorted image plane error 0.02103 pixel 0.01105 pixel 0.06440 pixel
Undistorted image plane error | 0.01923 pixel 0.01055 pixel 0.06454 pixel
Object space error 0.00359 mm 0.00200 mm 0.01255 mm
Normalized calibration error | 0.04710 mm 0.02585 mm 0.15809 mm
Projector (128 points) Mean Standard Deviation Max

Distorted image plane error 0.01023 pixel 0.00536 pixel 0.02981 pixel
Undistorted image plane error | 0.00727 pixel 0.00398 pixel 0.02290 pixel
Object space error 0.00771 mm 0.00404 mm 0.02401 mm
Normalized calibration error | 0.01780 mm 0.00974 mm 0.05610 mm

Table 9.10: Calibration statistics from the single plane calibration object.
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Z (mm) | Mean (mm) | Min (mm) | Max (mm) | Std Dev (mm) | N

-50 0.24497 0.01277 | 0.52733 0.13457 549
-40 0.19413 0.00914 | 0.41663 0.10500 538
-30 0.14831 0.00407 | 0.32213 0.07922 540
-20 0.09966 0.00519 | 0.21913 0.05140 527
-10 0.05085 0.00151 0.11280 0.02596 524
0 0.00435 0.00028 | 0.01341 0.00230 511
10 0.05538 0.00264 | 0.11473 0.02587 512
20 0.11028 0.00621 0.22595 0.04861 485
30 0.16878 0.01068 0.34806 0.07475 436
40 0.22157 0.00919 | 0.44731 0.09790 359
50 0.28532 0.01517 | 0.59713 0.12959 314

Table 9.11: Volume accuracy of the camera at different Z values with the single

plane calibration object.

tively for the cylinder, hollow cylinder and the two plane calibration objects. The
projector’s normalized calibration error for the single plane calibration object is
0.0178 mm whereas it is 0.02944 mm for the cylinder, 0.02268 mm for the hollow
cylinder and 0.05894 mm for the two planes calibration object.

The volume accuracy of the camera obtained with the single plane calibration
object is very similar to the one obtained with the two planes calibration object
(compare Table 9.11 with Table 9.8). It is minimal at z = 0 and maximum at
both extremities. The minimum error is smaller than the one of the two planes
calibration, however the maximum errors are twice as big as the two planes cali-

bration object. The standard deviation is also proportional with the distance from
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Horizontal Lines Vertical Lines

VA N | Mean Min Max Std Dev | Mean Min Max Std Dev
(mm) (mm) | (mm) |(@m) |(mm) | (mm) |(mm) |(mm) | (;m)

-50 | 238 | 0.18679 | 0.00073 | 0.43465 | 0.11457 | 0.18385 | 0.00096 | 0.53075 | 0.14617
-40 247 | 0.15751 | 0.00214 | 0.35778 | 0.09437 | 0.13476 | 0.00216 | 0.38174 | 0.10527
-30 260 | 0.12340 | 0.00063 | 0.27473 | 0.07253 | 0.09334 | 0.00056 | 0.27623 | 0.07119
-20 277 | 0.09007 | 0.00019 | 0.20459 | 0.04956 | 0.06050 | 0.00009 | 0.17214 | 0.04365
-10 291 | 0.05445 | 0.00106 | 0.11756 | 0.02438 | 0.03074 | 0.00001 | 0.10277 | 0.02204
0 307 | 0.02480 | 0.00001 | 0.17093 | 0.02696 | 0.00954 | 0.00001 | 0.05067 | 0.00664
10 320 | 0.06481 | 0.00016 | 0.22613 | 0.03400 | 0.03040 | 0.00009 | 0.07066 | 0.01710
20 331 | 0.11937 | 0.00396 | 0.31279 | 0.05477 { 0.06176 | 0.00031 | 0.13209 | 0.03494
30 309 | 0.17466 | 0.00116 | 0.35670 | 0.07944 | 0.09360 | 0.00005 | 0.18471 | 0.05280
40 273 | 0.23318 | 0.00110 | 0.38897 | 0.10317 | 0.12423 | 0.00462 | 0.24103 | 0.07241
50 238 | 0.29659 | 0.00381 | 0.48939 | 0.12947 | 0.15666 | 0.00013 | 0.30092 | 0.09047

Table 9.12: Global volume accuracy at different Z values with the single plane

calibration object.

the plane at z = 0. The standard deviation for the single plane calibration is the
worst of all calibration objects. Its value peaks at 0.13457 mm at z = —50mm
whereas the closest results obtained was 0.06973 mm of standard deviation for the
hollow cylinder. While the other calibration objects were able to obtain a standard
deviation which remained mostly constant, the one obtained with the single plane
calibration varies with the value of z.

The global volume accuracy obtained with the single plane is shown in Ta-

ble 9.12. It is also very accurate with a mean value of 0.0890 mm obtained with the
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vertical lines compared to the 0.0904 mm obtained with the cylinder calibration
object and like the volume accuracy with the camera, it varies with the value of 2
(see Figure 9.14). This is the situation also observed with the two plane calibra-
tion. The global volume accuracy obtained with the horizontal lines is equivalent
to the one obtained by the two planes method. This global volume accuracy varies
from 0.2966 mm to 0.0248 mm and the global volume accuracy of the horizontal
lines for the two planes calibration object varies from 0.2550 mm to 0.1447 mm.
The global volume accuracy obtained with the vertical line is worse than the two
planes method as it varies from 0.0095 mm to 0.1839 mm with a mean of 0.0890
mm as opposed to 0.0295 mm to 0.0612 mm with a mean of 0.0409 mm obtained
with the two planes calibration object. This mean value is slightly smaller than the
one obtained with the cylinder calibration object (0.0904mm) but it is 2.86 times
more precise than the average of 0.2545 mm obtained with the hollow cylinder.
The dispersion of the errors is dependent on the point’s distance to the projec-
tor for both the 2 = 50mm and z = —50mm planes. This situation is observed in

Figure 9.15.

9.4 Results with a Synthetic Image

The structured light is projected on the famous Utah teapot [3]. The Utah teapot
was one of the first free 3-D models based on B-spline. It is also an interesting
object to test with. It is instantly recognizable. It has a complex topology. It self-
shadows, has hidden surface issues and both convex and concave surfaces. The
Utah teapot is defined with B-splines patches. This simplifies the process of ana-
lyzing the error between the known Utah teapot and the surface generated with the
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z = 50mm z = —b0mm

Figure 9.15: Global volume accuracy at 50 mm and -50 mm with the single plane
calibration object. The radius of a circle is the z-error x 10 with the horizontal

line and vertical line errors using the blue and green colour respectively.

methodology proposed for 3-D reconstruction. Using the calibration parameters
obtained with the two plane calibration object, the 3-D lines are then projected
into 3-D space to create a view of the object. This view is limited to the grid lines
which have sufficient lighting conditions.

The data to generate a raytracing of the Utah teapot is a set of B-splines
patches. This set of B-spline patches can be compared with the set of NURBS
surfaces generated by the methodology presented in thesis in order to compute
the error in 3-D reconstruction. The results obtained with various stages of the

methodology are shown in Table 9.13.

Definition 9.2. The error between the Utah teapot and a NURBS curve or NURBS
surface is the distance between a point on the NURBS curve or surface and the

point on the Utah teapot that is closest to it.
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@ (b)

Figure 9.16: (a) The Utah teapot illuminated by the structured light. (b) The 2-D
lines detected by the methodology.

The Table 9.13 shows results for the vertical and horizontal grid lines projected
in the 3-D world coordinate system. It also shows the errors when someone uses
skinning from the vertical lines or the horizontal lines. Finally, the error obtained
when using the Gordon surface is also shown. The results were all obtained by
using the image shown in Figure 9.16(a) as the input image, then extracting the
lines generated (see Figure 9.16(b)) and the final 3-D result is shown with two
different views in Figure 9.17.

The Z value of the lines varies between 25 mm and 40 mm. The results ob-
tained with the NURBS vertical grid are consistent with the results obtained in-
side Table 9.9 for the region near z = 40. However, the results for the horizontal
NURBS grid are better than those of Table 9.9 as the average error obtained is
0.1532 mm at 40 mm whereas the NURBS curve obtained an average error of

0.05386 mm on the range 25 mm to 40 mm.
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Object Mean (mm) | Std Dev (mm) | Min (mm) Max (mm)
Horizontal Grid Lines 0.110745 0.0986030 0.00179233 | 0.465082
Vertical Grid Lines 0.0538629 0.025974 0.00384417 | 0.110581
Horizontal Skin Surface | 0.0940525 0.0792902 0.000346476 | 0.558296
Vertical Skin Surface 0.121947 0.0884404 0.000663184 | 0.449805
Gordon Surface 0.0305820 0.0391224 | 0.0000217415 | 1.05252

Table 9.13: Accuracy with the Utah teapot.

Definition 9.3. The error between a NURBS surface and the Utah teapot is com-

puted by taking 100 samples across that surface and then finding the closest dis-

tance between those samples and the Utah teapot surface. The error for that

sample is the average of these closest distances.

The results obtained with skinning highlight the fact that if the surface is

smooth then skinning obtains efficient results which are close to the error ob-

tained with the grid lines: 0.110745 mm for the horizontal grid lines compared to
0.0940525 mm for the horizontal skin surface.

The maximum error obtained with the Gordon surface generated is localized to

a single surface patch and not to the entire set of surfaces that are required to cover

the surface. The average error obtained with the Gordon surface is smaller than

the one obtained with simply the grid lines. It should be noted that although the

vertical and horizontal lines projection do not match perfectly, the Algorithm 7.3

accounts for this and allows the system to obtain a better surface representation

than simple skinning could obtain.
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Figure 9.17: Generated views of the Utah teapot. The view in (a) is from the left
and the view in (b) is from the right of the object.
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9.5 Results with Camera

The test images are taken with a Canon Digital Rebel D300 camera. The effective
size of the pictures taken are 1024 x 1536 pixels. An overhead projector made by
In Focus Systems (model Overview 360P) is used to project the grid on the object
of interest. The grid is printed on a transparency sheet using an inkjet printer (HP
5550). The total cost of the system is below 20008 excluding the computer cost.

Vibration can be a factor with a dynamic stereo system. However, the sen-
sibility of the system to vibrations is negligible due to the fact that the camera’s
aperture speed is much slower than the ambient vibrations which are present in
a room. Due to the low light conditions of the set-up, an aperture speed of 1/60
of a second was used in all the experiments (except for the hand object). At that
relatively slow speed, the camera will average most or all the high-frequencies vi-
brations. The precision will not be affected as subpixel detection is actually more
robust when the step-edge is not a true step-edge [16].

Various objects were used to test the methodology: a hand generated with a
stereo lithography (SLA) system, a teapot, a cup, a sugar bowl, a milk holder and
a cow shaped butter plate. Except for the hand, the objects have a glazed ceramic
finish. The objects can be seen in Figure 9.18 except for the cow shaped butter

plate. The sections which follow analyze the results obtained with each object.

9.5.1 Digital Light Processing Projector

The first experiments were made using a digital light processing (DLP) projector.
Those kinds of projectors are common. They offer good precision and they open

up some possibilities in terms of projecting structured information such as using
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Figure 9.18: (a) Hand, teapot, cup, milk holder and sugar bowl objects used to test
the methodology. (b) Cow shaped butter holder to test the methodology.

temporal projection to increase the accuracy of the technique or to get more cov-
erage of a scene. However, they work pixel by pixel. This causes some problem
when the system analyzes the information contained within the picture.

Figure 9.19 shows a zoomed out view of an image taken with a DLP. In that
picture, it is easy to see that artificial artifacts are added by the DLP and that they
can hinder the ability of the system to retrieve the edge definition.

It is difficult to perform the edge extraction on an image projected by a DLP.
It is possible to apply Gaussian blurring techniques to remove some of that noise,
however since there is an inherent problem to the way the structured light is pro-
jected. Consequently, it was found unsatisfactory for the purposes of this thesis.

Instead of a DLP projector an overhead projector was used.
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Figure 9.19: Structured light projected by a DLP projector.

9.5.2 Line Detection

The Focus overhead projector and an inkjet printer allow the system to project
a structured light containing less artifacts than the one obtained with a DLP. It
should be noted that this is because the colour chosen (cyan, magenta, yellow,
green and red) are saturated colours and the inkjet can simply use 100% of the ink
on every spot of the grid. When the colors are not saturated, dithering will occur
and create artifacts when projected on a surface.

The line detection proposed in Chapter 6 has several advantages. The first is
that it doesn’t require any smoothing operator to be applied to the image before
edge detection. This keeps edges sharp. However, it’s efficiency varies depending
on the type of material used since the light is being absorbed or reflected differ-
ently for each material.

The above is true after a raw image obtained from the Canon digital camera is
halved in size. The raw image has a size of 2048 x 3072 pixels, and the images

used in this thesis are 1024 x 1536 pixels. The halving process uses bi-linear
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mapping to compute the new value of a pixel. This removes the noise caused
by the low light conditions inside the images. The line detection algorithm was
unstable with the unprocessed raw images obtained from the Canon digital camera
but its behaviour was very solid once a smaller picture size was used. Other means
of noise removal could be used in future work to allow the methodology to work

with full size images.

9.5.3 The Calibration

The calibration for the camera was done by printing a colour coded grid using
a dye-sub printer (Olympus P-400). That grid was taped to a board and then
photographed with the camera. This setup is not the most precise but it can be
representative of real world usage of the methodology presented in this thesis.

Figure 9.20 shows three subfigures: the calibration object from a distance, the
image used to calibrate the camera and the image used to calibrate the projector.

The photos in Figure 9.20(a) and Figure 9.20(b) are used to calibrate the sys-
tem. The calibration results obtained from the camera and listed in Table 9.14
may lead one to believe that great accuracy can’t be achieved. However, the nor-
malized precision of the overall calibration is of 0.08901 mm which corresponds
to 3.5 tau ('1”6166 inch). The volume of interest covers a 300 x 300 x 100 mm? zone
which means that the error in one direction is 0.02967% of the total range being
covered.

The initial high level of error when calibrating the camera is partially due to the
nature of a grid. The grid is constructed by first painting the horizontal lines then
the vertical lines. This implies that if a line which resides on top of another is of

a different hue, it is possible that the system will view the difference between the
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Figure 9.20: (a) Image of the calibration object. (b) Image for camera calibration.

(c) Image for projector calibration.
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Camera (325 points) Mean Standard Deviation Max

Distorted image plane error 1.74785 pixel 1.69141 pixel 9.90764 pixel
Undistorted image plane error | 0.43621 pixel 0.25457 pixel 1.50518 pixel
Object space error 0.03518 mm 0.01833 mm 0.11159 mm
Normalized calibration error 1.06848 mm 0.62357 mm 3.68693 mm
Projector (105 points) Mean Standard Deviation Max

Distorted image plane error 0.32076 pixel 0.19119 pixel 0.72064 pixel
Undistorted image plane error | 0.03634 pixel 0.02091 pixel 0.08379 pixel
Object space error 0.08408 mm 0.04846 mm 0.18897 mm
Normalized calibration error | 0.08901 mm 0.05121 mm 0.20524 mm

Table 9.14: Calibration results with real images.

hue of one line and the other lines indicating the presence of an edge. Figure 9.21

depicts this situation.

The presence of bad intersection points (or outliers) explain the high maximum

error seen in the Table 9.14. These outliers can be removed by using a bucketing

technique such as the one proposed in Section 6.2.

It should be noted that this situation mostly affects the image used to calibrate

the camera. For the projector calibration image and the images of the object being

scanned, the projected light saturates the image and creates an even distribution

of values between all the grid lines.
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Figure 9.21: Image of structured light and detected edges.

9.5.4 The Teapot

The teapot object, as seen in Figure 9.22(a), measures 220 mm from spout to
handle. Its height is 120 mm and its diameter is 130 mm. The 3-D reconstruction
of this object is shown in Figure 9.22(b).

In the reconstruction, one can observe on the upper left corner a line which
extrudes from the teapot. This is caused by two factors. The first is that the system
failed to properly estimate the colour of the line as yellow instead of cyan. The
second is that the system failed to detect that the segment is a vertical segment.
Figure 9.23 illustrates this. The NURBS surface generation process is resilient to
such problems.

The NURBS surface process relies on contiguous sets of intersection points

lying on the network of NURBS curves. Trouble segments such as the one seen
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(a) Input image (b) Generated surface from two different view points.

Figure 9.22: Input image and the 3-D representation of the teapot object.
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Figure 9.23: Error in edge detection.

inside Figure 9.23 are therefore always excluded from the surface generation al-
gorithm. This really increases the quality of the generated surface since only
segments with strong correlation (i.e. part of a contiguous region) affect the gen-

eration of the NURBS surface.

9.5.5 The Cow Butter Holder

This object is a butter holder in the shape of a cow (see Figure 9.24(a)). Like the
teapot object, it is made of white ceramic and it reflects light in a similar manner.
It is relatively smooth. Figure 9.24(b) shows the results obtained when generating
this object.

There is no surface being generated in the middle of the cow butter holder
object. This is because the process needs a contiguous region to work from and
in this case, the middle section doesn’t contain enough contiguous intersection

points.
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(a) Input image (b) Generated surface from two different view points.

Figure 9.24: Input image and the 3-D representation of the cow butter holder

object.
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9.5.6 The Milk Holder

The milk holder is also made from white ceramic (see Figure 9.25(2)). Itis a
smooth 3-D surface except near the beak where there is a smooth edge (see Fig-
ure 9.25(b)). The smooth edge is properly captured by the algorithm and to il-
lustrate this, a section of the image is zoomed (see Figure 9.26(b)) and its corre-

sponding 3-D representation is shown Figure 9.26(a).

9.5.7 The Tea Cup

The tea cup is made from white ceramic. The bottom of it is smooth and the top
part contains some flower patterns in 3-D. The flower pattern lies between grid
lines (see Figure 9.27(a)) and only the sections that are on a grid line are affecting

the 3-D surface generation. The results are shown in Figure 9.27(b).

9.5.8 The Sugar Bowl

The sugar bowl is a smooth white ceramic object which contains a hard edge (see
Figure 9.28(a)). As Figure 9.28(b) depicts, this hard edge is properly captured by
the system.

9.5.9 The Egg Bowl

Figure 9.29(a) shows the bottom of the egg bowl. It is a slightly convex surface
with a smaller concave surface in the middle. It is smooth, however the material is
porous and not glossy. The system has no problem handling this porous material

and captures the 3-D content correctly (see Figure 9.29(b)).
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(a) Input image (b) Generated surface from two different view points.

Figure 9.25: Input image and the 3-D representation of the milk holder object.
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(a) 3-D NURBS Surface (b) Section of the input image.

Figure 9.26: Generation of a 3-D surface near the edge.

9.5.10 The SLA Hand Object

The hand object is made by a stereo lithography (SLA) system. It is a non reflec-
tive surface that slightly absorbs the light. In order to be able to register the edges
properly with that object the shutter speed of the camera had to be increased. This
was the only change made to the camera and it does not affect the calibration pa-
rameters. Figure 9.31 depicts the image at a shutter speed of 616 of a second and
also at 73z of a second.

The system is able to capture properly all the contiguous areas found on the
hand object as it is apparent in Figure 9.30. The thumb area is also properly
captured by the NURBS curves, however due to the angle of the projector a dis-
continuity is created that prevents the system from having a contiguous area for a

surface reconstruction near that part of the hand.

171



(a) The input image (b) The generated surface from two different view points.

Figure 9.27: Input image and the 3-D representation of the tea cup object.

172



(a) Input image (b) Generated surface from two different view points,

Figure 9.28: Input image and the 3-D representation of the sugar bowl object.
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(a) Input image (b) Generated surface from two different view points.

Figure 9.29: Input image and the 3-D representation of the egg bowl object.
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Figure 9.30: Image taken with a shutter speed of T;_s second in left image and %

second in the right image.
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(a) Input image (b) Generated surface from two different view points.

Figure 9.31: Input image and the 3-D representation of the hand object.
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9.6 Conclusion

The accuracy of the methodology and the techniques proposed in this work is very
high both for the real objects observed (0.08408 mm object space error) and the
synthetic objects used (0.0306 mm NURBS surface error). The results obtained
also highlight that to generate a NURBS surface, a certain contiguous area needs
to be present to obtain enough intersection points and allow the generation of a
NURBS surface. This fact makes the system resilient to errors in determining if a
segment is vertical or horizontal as shown by the result with the teapot object.

Other methodologies focus on point location and are, therefore, more sensitive
to errors in localizing the points inside the image. The algorithm proposed in
this thesis solves the problem of needing to remove bad information as most of
the NURBS surface information is valid. An entire contiguous region of size
(d+ 1) x (d + 1) is required before a NURBS surface is generated.

Four calibration objects are analyzed in this chapter. Although the use of a
cylinder to perform the validation is sound theoretically, tests indicate that the
classic two calibration planes or even a single calibration plane outperforms this
object as a calibration object. The author of this thesis recommends the use of
a two planes calibration object for industrial applications where the calibration
object can be manufactured with great precision. The use of a simple single plane
is also highly recommended as it is the easiest to construct and it also generate
good results: 0.2966mm mean error at z = 50 and 0.0248mm mean error at
z=0.

The line detection algorithm is always strong when synthetic images are used.
For real images, the digital camera had to capture an image in a low light envi-

ronment. This low light environment added noise to the images which required
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pre-processing before being used by the methodology in the form of halving the
image. Other noise removal techniques could be used but they may have impacted

the quality of the edge detection.
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Chapter 10

Conclusion and Future Work

10.1 Conclusion

This thesis creates a new methodology for an end-to-end 3-D object reconstruction
based on a single image of an object obtained with a regular digital camera. The
use of NURBS curves and surfaces enable the system to be consistent throughout
all the steps needed for the 3-D object reconstruction. Furthermore, the method-
ology and techniques described in this thesis are validated by the results obtained
with both synthetic and real objects.

The tests with real objects were made with very low cost equipment and with
little regard to optimizing the accuracy of the system. For instance, the calibra-
tion is done by fixing a printed grid to a board using scotch tape. This was done
intentionally to illustrate that the methodology proposed is robust and can gen-
erate results with high precision even though the setup is not near any industrial
standard. With this kind of set-up, the calibration obtained was on average at an

error of 0.08901 mm with a standard deviation of 0.05121 mm. These values are

179



obtained with a single view of the object since multi-view registration is not in the
scope of the current work presented in this thesis.

Most 3-D reconstruction systems rely on an epipolar constraint. The proposed
3-D reconstruction methodology imposes no such constraint and in practise, the
quality of the calibration improves when the camera and the projector have very
different viewing angles. This gives more freedom as to the placement of the
camera and the projector. A user could easily find a position that minimizes glare

and other potential lighting issues.

10.2 Contributions

The major contributions of this work are:

o The first contribution of this thesis is the calibration process. The calibra-
tion process in most techniques normally uses a different methodology than
the methodology used for the 3-D reconstruction process to acquire feature
points. The approach proposed in this thesis has high precision in terms of
feature extraction where high precision benefits both the calibration and the

3-D reconstruction processes [39].

The features used for the calibration process are the intersection points be-
tween the horizontal and vertical grid lines. The grid lines are defined with
NURBS curves which are constructed by interpolating points obtained at
sub-pixel accuracy. This approach allows the system to be calibrated with
an object space error of 0.08408 mm with real objects. This approach is also
the same first steps which are required to generate a set of NURBS surfaces

that describe the object in 3-D.
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« The pseudo-random encoding technique proposed in this thesis used to map
a structured light pattern is unique. It is a grid composed of lines which
are colour coded using a pseudo random multivariate sequence (PRMVS).
The PRMVS removes ambiguities when registering information contained
in the images viewed from the camera and the projector. This form of en-
coding allows the methodology to match the whole line as opposed to only
matching interest points such as intersections or other meaningful feature

points located on an image.

 The 3-D reconstruction process doesn’t generate a cloud of points but in-
stead generates a 3-D NURBS surface. This kind of surface is more eas-
ily manipulated by a computer than a cloud of points and it conveys more
meaning information. If multiple views are to be used, then a network of
3-D NURBS curves is also a lot more meaningful in terms of 3-D informa-
tion than a cloud of points. Finally, a network of 3-D NURBS curves can be

viewed as way to compress the 3-D information obtained from the image.

The methodology proposed in this thesis uses the algorithm proposed by
Gordon to generate a NURBS surface based on the information contained

inside a bi-directional network of NURBS curves.

e Feature extraction with the algorithm proposed in this thesis does not rely
on single points but instead relies on the information contained on a grid
line. Furthermore, the feature extraction uses a parametric representation
which adapts to any shape, from linear line to free hand drawing. Most
methods rely on the matching of points between the left and right images to

create a depth value at that point. This limits their ability to work at sub-
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pixel accuracy. To work at sub-pixel accuracy, those methods must rely on
multiple views registration. Multiple views registration is not a substitute

for the real sub-pixel feature extraction which is proposed in this thesis.

o The approach proposed in this thesis is global. It accounts for all the nec-
essary steps to go from a single image of an object to its absolute 3-D
world coordinate NURBS surface model. Several approaches do not use
3-D world coordinates and instead rely on relative coordinates. By doing
so, they minimize the issues related to going from the relative to the abso-

lute world.

The steps of the approach described in this thesis include: the capture of the
edge points to sub-pixel accuracy, the generation of a bi-directional network
of 2-D NURBS curves, the calibration of the system, the generation of a
bi-direction network of 3-D NURBS curves and the generation of a 3-D

NURBS surface inside the world coordinate system.

Multiple minor contributions are also generated by the proposed algorithm.

» The proposed structured light also enables the calibration process. Most
structured lights cannot be used when performing calibration since they
rarely encode in 2-D. This characteristic is shared with some previous work
that was done with pseudo-random encoded binary arrays. However, the

accuracy of the current method is higher.

» Sub-pixel accuracy is possible with the proposed approach since it doesn’t
rely on the grid lines themselves but on the edges which constitute these

lines. Techniques which extract to sub-pixel accuracy when performing
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edge detection are common. This thesis shows a method which is very
accurate and offers sub-pixel accuracy when doing line detection. However,
that method relies on interpolation techniques which are error-prone and are

less accurate than edge detection.

» This thesis does not rely on the line definition itself, but on the accurate
location of the edges on both sides of the line. This not only improves the
accuracy of the edge detection in 2-D but also generates a more accurate 3-
D reconstruction of the object. The 3-D reconstruction is improved because
a line’s true center is different in the 2-D view perceived by the camera than

it is on the 3-D object illuminated by the projector.

10.3 Future Work

The methodology proposed in this thesis materialized in a framework on which
one can build and improve. For instance, one possible area of future work would
be to optimize the Tsai’s calibration method based on the fact that an intersection
point projected to the horizontal line or the vertical line should be at the same 3-D
location. Although Tsai’s calibration method offers accurate results, it could be
improved upon by leveraging this unique constraint.

Another potential source of improvement regarding the calibration methodol-
ogy proposed in this thesis is based on the observation that since the geometry of
the lines is known, one could find a NURBS curve which fits the model instead
of a set of points. With this approach, a linear NURBS curve would be used to
represent the grid lines and the end points would be moved to optimize the fit with

the data points in the least square sense.
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The surfaces are presently being generated from a set of curves which form a
matrix of (d + 1) x (d + 1) grid nodes. The Gordon surface method requires a
rectangular m X n region to generate a surface. It would be worthwhile to solve
the optimization problem that would minimize the number of NURBS surfaces
required to cover a grid of NURBS curves.

Multi-view registration of the same object could also be a future direction
of this system. The integration would allow for more complete information about
the object being scanned while keeping the high level value of NURBS surfaces to
help CAD applications manipulate the end-result. Current methodology focus on
cloud of points or on triangular meshes to perform the registration. Witha NURBS
surface, a cloud of points can be generated along with their tangent information.
This would allow effective registration between two views.

Since the network of NURBS curve is still available inside both views, once
they are registered, a new network may be created by merging the two network of
NURBS curve. From that new network, a new combined surface could then be
generated. This method could be iteratively applied until all occluded areas of the
object are removed.

As earlier work indicated [38], it is possible to use morphological operators
to extract the line information inside the grid network. It is also possible to use a
watershed or a skeleton operation to extract the center of the lines. Depending on
the noise level, these operators can extract the line information properly.

In the case of this thesis, the vertical lines and the horizontal lines have to be
extracted individually and then the edges associated with those lines are extracted
at subpixel accuracy. The morphological operators do not operate at sub-pixel ac-

curacy. Furthermore to extract an horizontal line a closing operator would have to
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be used with a proper mask. Since the lines observed are always curved, the union
of multiple morphological operators would be required to get an approximation
of the lines. The usefulness of these morphological operation would be limited to
guiding the line extraction algorithm.

The morphological operators are better suited at finding the non-illuminated
squares inside the grid. The location of those squares could then be leveraged
to estimate more easily where intersection points are located and also where the
grid lines are. The line detection algorithm presented in this thesis would still be
required but it could leverage this new knowledge to more easily determine the
edge points at sub-pixel accuracy.

Other areas of future work include the inclusion of trimmed NURBS surfaces
or the use of triangular NURBS patches to describe the generated 3-D object rep-

resentation.
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